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1. Introduction

Estimation of hydrological processes and water quality is central to water resource
management, clean water supply, environmental protection, and ecological services [1,2].
Climate change is a natural phenomenon, but anthropogenic activities such as fossil
fuel burning, industrial pollution, land use change, and population growth have accel-
erated greenhouse gas emissions, which have, in turn, resulted in abnormal climate pat-
terns [3]. These patterns exacerbate hydrologic and water quality uncertainties in predicting
droughts, floods, water resource availability, environmental pollution, and ecosystem ser-
vices. To mitigate such climate-change impacts, water resource managers and decision
makers should be able to assess potential threats and develop strategies to adapt for future
climatic conditions. Currently, projection of future climate impacts on hydrologic cycles
and water quality are generally accomplished through process-based watershed models in
conjunction with future climate-change scenarios that are created by the general circulation
models (GCMs), regional climate models (RCMs), and coupled model inter comparison
project phase (CMIP5). While these scenarios provide invaluable insights into the direc-
tion to project the future hydrologic and water quality trends, the limitations on using
these scenarios are [4]: (1) They have low spatial resolution and are somewhat difficult
to downscale for local watersheds (i.e., smaller than HUC12 level watersheds); (2) They
have low temporal resolution (e.g., weekly or monthly time intervals) and are difficult
to disaggregate into daily or hourly intervals required by some watershed models; and
(3) They are not flexible to answer the “what-if” questions for local watersheds such as:
What will happen to streamflow, water quality, and water availability in a small watershed
if the abnormal and localized rainfall (cloudburst) events (e.g., very dry in July and very
wet in November) occur in the next five years? In order to take those challenges and meet
the needs, this Special Issue “Assessment of Climate Change Impacts on Water Quantity
and Quality at Small Scale Watersheds”, inspired by the Hydrology–H030 Session of the
2019 America Geophysical Union Fall Meeting, was initiated to circumvent the limitations.

2. Aims and Scope

The Special Issue is aimed to link climate-change impacts on hydrological processes
and water quality for local watersheds or basins. Emphases are on climate-induced water
resource vulnerabilities (e.g., flood, drought, groundwater, evapotranspiration, and water
pollution) and methodologies (e.g., computer modeling, field measurement, and manage-
ment practice) employed to mitigate and adapt climate-change impacts on water resources.
In addition, application implications to water resource management were discussed in this
Special Issue.
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3. Presentation of the Published Papers

This Special Issue solicits 11 studies covering (1) various geographical locations around
the world, including Indian subcontinent (northern Himalayan Terai, southern Indian
River, and Cauvery and Godavari River basins), sub-Saharan Africa (Ethiopian Rift valley
and Nile River Basin), western and southeastern United States (California Central Valley,
Alabama, and Mississippi River Basin), and western and southern China (Xinjiang basin
and Lijiang River basin); (2) hydrological processes such as springs, streamflow, surface
runoff, evapotranspiration, and tree sapflow; (3) climate-change patterns such as drought,
warming, and water-energy nexus; (4) surface and ground water quality such as nutrients,
organic matter, salinity, and sediment; and (5) water resource management to improve
economic, health, and other quality of lives. All eleven papers deal with local scale (or
smaller than regional scale) watersheds or basins under the effects of climate change. Eight
publications reported watershed modeling results, whereas three publications more or
less reported results on experimental measurements. They are categorized into (i) Climate
impacts on hydrology, (ii) Climate impacts on water quality, and (iii) Climate implications
and adaptation in water resources management.

3.1. Climate Impacts on Hydrology

Hydrological processes at local watersheds are essential to water resource manage-
ment, water supply planning, and ecosystem restoration and service under changing
climate. In this collection, two studies were conducted in India; one analyzed the vulnera-
bility of more than three million springs at the Indian Himalayan basin while the another
analyzed the drought vulnerability in the southern Indian River basin. Daniel et al. [5]
attempted to conceptualize vulnerability of Himalayan springs and identify the biophysical
and socio-economic stressors affected on the springs. The conceptual framework is a useful
theoretical construct for enabling policymakers and project managers to follow a struc-
tured process for arriving at decisions concerning judicious use of springs resources under
changing climate. However, the study did not include specific hydrological processes.
Kumar et al. [6] investigated monthly and seasonal drought in four major river basins in
south Indian using GRACE-Based Groundwater Drought Index. Their study provided
some robust quantitative results of GRACE water storage variations and a new approach
to link surface and subsurface conditions when investigating droughts.

Another two studies center on China: one study investigated the spatiotemporal
patterns of asymmetric warming in Xinjiang basin of western China using normalized
difference vegetation index (NDVI) data, while the other study analyzed the effects of
climate change scenarios on hydrological variables (i.e., evapotranspiration and runoff)
in Lijiang River Basin by linking the outputs from the GCM with the Soil and Water
Assessment Tool (SWAT). Heng et al. [7] analyzed spatiotemporal patterns of climate
asymmetric warming and vegetation activities in an arid and semiarid region of Xinjiang
basin, China, using the climate and NDVI data. They reported that the warming rates in
this region are higher than the world average. Tan et al. [8] assessed the effects of climate
change scenarios on evapotranspiration and surface runoff by linking the outputs from the
GCM scenarios with the SWAT hydrologic model for a case study in the Lijiang River basin,
China. These authors found that precipitation, temperature, and evapotranspiration will
increase with uneven distributions under future climate conditions.

Studies in US cover drought and streamflow. He et al. [9] projected changes in water
year types and hydrological drought in California’s Central Valley in the 21st century
using water year index classification approach. They found that hydrological droughts in
the snowmelt season and wet season exhibit upward and downward trends, respectively.
Quansah et al. [10] assessed streamflow due to future climate change in the Alabama River
basin for the mid- and late-21st century by using climate-change scenarios in conjunction
with SWAT model. They argued that while the simulation results are prone to inherent
uncertainties, they could provide some critical information for stakeholders on sustainable
water resource management under the changing climate. Both studies are warranted to

2
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circumvent the limitations of climate-change scenarios as stated in the Introduction of this
editorial summary.

Many water-energy models are not able to be applied in developing countries due
to the lack of measured data, computational capacity, and skill requirement. However,
Yimere and Assefa [11] developed a model to assess the Water-Energy relationship in the
Nile River basin, Africa under future climate change scenario. Nonetheless, their study
has limitations due to incomplete and inadequate data usage for model calibration and
verification. Few studies have been devoted to investigating hydrological processes under
changing climate through experimental measurements in this Special Issue. Using their
field measured tree sapflow and weather data, Ouyang et al. [12] developed Structural
Thinking and Experiential Learning Laboratory with Animation (STELLA) model to assess
eastern cottonwood water flow using adjusted vapor pressure deficit under the changing
climate conditions.

3.2. Climate Impact on Water Quality

Three studies in this collection dealt with water quality. Godebo et al. [13] assess
water quality for irrigated agriculture, alongside perceptions and adaptations of farmers
to climate change in the main Ethiopian Rift valley. Using data from 147 farmers and
162 surface and ground water quality samples, they reported that most groundwaters were
unsuitable for long-term agricultural use due to their high salinity and sodium adsorption
ratio. This is one of the major consequences of global warming/climate change that
agriculture stakeholders including irrigation researchers are not being seriously considered
yet. Pérez-Gutiérrez [14] investigated nutrient and sediment loads at a tailwater recovery
ditch in Mississippi, US by using the annualized agricultural non-point source (AnnAGNPS)
model. However, climate-change impacts on water quality have not been fully addressed
in their study. Dewey et al. [15] performed field measurement to estimate the sources of
sediment and organic matter fluxes in intermittent rivers and ephemeral streams (IRES) of
a subtropical watershed in Mississippi, USA. They stated that climate-induced changes in
precipitation and discharge may impact organic carbon fluxes from IRES.

3.3. Implications and Adaption

All papers except one [14] in this collection linked the research findings to climate-
change implications and adaptions. Some of the climate implications and adaptions are
very general, while others are specific and concrete. For example, the study on springs in the
Indian Himalayas [5] synthesized climate stressors, indicators, and the conceptualization
of vulnerability that provide a general evidence-based decision support system for better
management of Himalayan springs under the changing climate, whereas the study on
field measurement and STELLA modeling of tree sapflow using vapor pressure deficit [12]
would provide a specific and new paradigm for researchers to predict tree sapflow under
the changing climate by using the commonly available vapor pressure deficit data. Fur-
thermore, the study on water quality threats due to climate change in the Ethiopian Rift
valley [13] highlighted the complex nexus between high groundwater salinity and climate
change, which provides a concrete direction for climate adaption to farmers.

4. Conclusions

The papers collected in this Special Issue tackle multiple aspects on how hydrological
processes and water quality at local watersheds could be affected by climate change through
hydrological modeling, statistical analysis, and field measurement. In addition, climate-
change implications and adaptions based on research findings are discussed and are highly
beneficial to local water resources managers and stakeholders. In addition, the studies in
this collection provide a variety of research methods and approaches to tackle challenging
questions faced by local watersheds under various climate change scenarios. Many of
the studies emphasized the advantages of geospatial engineering and technology, i.e.,
geographic information systems (GIS), remote sensing, global navigation satellite system

3
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(GNSS) application in solving water resources management issues that occurred in conse-
quence of climate change. As water resources management decision support is essentially
of spatio-temporal nature, GIS and GNSS helps in localized analyses and remote sensing
data helps analyzing temporal changing scenario. STELLA, AnnAGNPS, SWAT, GRACE,
and especially, GCM models used in the research papers in this special issue for water
resources management decision support are all of spatio-temporal analytics models. As
seen with wide-range of articles published in the Special Issue, climate-centric researchers
engaged in the said topics will be highly benefitted. Readers of the Special Issue articles
will get insight on geospatial engineering and technology and other advanced models
usage in their future research on climate change affected hydrologic DSS development.

Today, most climate change studies focus on large regional and global scales or using
climate change scenarios that have low flexibility with inaccurate data for local scale
watersheds. The topics in this Special Issue provide a new research direction in dealing with
local watersheds under changing climate and will receive a global interest for years to come.
As the research articles in the Special Issue encompass various spatially (geographically)
differentiated watersheds, covers developed, developing, and even poor countries with
different watershed management conditions available to them due to funding availability,
the research results, especially the decision supports developed through the studies, will
be very beneficial in furthering watershed hydrologic research under changing climate.
Studies in the Special Issue included heterogeneous environmental features, such as land
use, soils, topography, climate/weather pattern, and above all hydrological scenarios, can
help future studies that glean research methods from them.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.
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Abstract: The Indian Himalayan Region is home to nearly 50 million people, more than 50% of whom
are dependent on springs for their sustenance. Sustainable management of the nearly 3 million
springs in the region requires a framework to identify the springs most vulnerable to change agents
which can be biophysical or socio-economic, internal or external. In this study, we conceptualize
vulnerability in the Indian Himalayan springs. By way of a systematic review of the published
literature and synthesis of research findings, a scheme of identifying and quantifying these change
agents (stressors) is presented. The stressors are then causally linked to the characteristics of the
springs using indicators, and the resulting impact and responses are discussed. These components,
viz., stressors, state, impact, and response, and the linkages are used in the conceptual framework to
assess the vulnerability of springs. A case study adopting the proposed conceptual model is discussed
for Mathamali spring in the Western Himalayas. The conceptual model encourages quantification
of stressors and promotes a convergence to an evidence-based decision support system for the
management of springs and the dependent ecosystems from the threat due to human development
and climate change.

Keywords: vulnerability assessment; Indian Himalayas; springs; springshed management;
water security

1. Introduction

Springs in the mid-hills of the Hindu Kush Himalayas (HKH), crucially important
for the survival of the 240 million hill and mountain people residing in the region [1], are
drying [2–7]. The mid-hills are located at a lower elevation compared to the largest reserves
of snow and ice outside the North and South Poles (the HKH sometimes referred to as
the ‘Third Pole’). Though the 10 rivers that originate in the glaciers of these ‘water towers’
benefit the nearly 2 billion people living in their hydrological downstream, this rich supply
of freshwater reserves is out of reach for the mid-hill communities. These communities are
dependent primarily on water stored underground and naturally drained through springs
for their domestic and irrigation needs.

The paradoxical role of the humble springs, in contrast to the vast glaciers and rich
rivers of the HKH, is not unusual considering the distribution of water on the surface
of the ‘Blue Planet’. Most of the water covering the Earth’s surface, as seen from outer
space, nearly 71% (hence the sobriquet ‘Blue Planet’), is practically useless, with the
actual reserves of freshwater accounting for only close to 2.5% of the total water of the
world and the remaining reserves of water trapped in the world’s oceans, saline lakes,
and deep underground reservoirs [8]. Usable groundwater accounts for about 30% of
these freshwater reserves, while flow in rivers, water in swamps, and freshwater lakes,
together, make up a little over 0.03% [8]. Most of the entire groundwater reserves drain
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into springs and streams at different time scales, ranging from less than a year to more than
100,000 years [9]. Going by these broad estimates, natural springs, which are freshwater
resources at the interface of surface water and groundwater, where underground water
emerges on to the Earth’s surface, forming streams, ponds, and swamps [10], account for
even less than 0.03% of the freshwater resources of the world at any given time.

Though seemingly small in terms of absolute volume of reserves of freshwater, springs
have been a vital source of water for drinking and sanitation since ancient times (for
example, Roman, Mesopotamian, Egyptian, and Chinese civilizations developed systems
to tap and transport spring water) [11]. Even by recent estimates, water from karst springs,
which are some of the largest springs of the world, provides drinking water to 678 million
people, or 9.28% of the world’s population [12]. The World Health Organization estimated
in 2017 that 435 million people still draw water directly from unprotected wells and
springs [13]. Though the share of springs in the global freshwater reserves is small, the
dependence for water primarily on springs poses a water security threat in many parts of
the world, especially the HKH. In this paper, we draw attention to the Indian Himalayas,
a smaller geographical extent within the HKH, but the lessons learnt apply to the larger
HKH region as well.

In the Indian Himalayan Region (IHR), springs are the main source of water for rural
communities [14–16]. Both rural and urban settlements, with a combined population of
nearly 50 million, depend on water sourced from springs for use in drinking, domestic,
livestock, and agricultural water needs [14,17–19]. There are 60,000 villages, 500 growing
townships, and 8–10 cities in the IHR, and 23.9% of all surface water schemes in IHR states
are sourced from springs, with more than 20% of villages in IHR states reporting having
a spring [14]. Even by conservative estimates, more than 50% of the population in the
IHR, thus, are dependent on spring water for their sustenance [14]. Additionally, out of
the 12.5% of cultivated area in the IHR, only 11% is irrigated, of which 65% is sourced
from springs [14]. Though these numbers are a gross underestimation and are based on
secondary data, these numbers represent the dependence of a large proportion of the
population in the IHR on water sourced from springs [14]. IHR springs are also the source
of the revered Himalayan rivers, such as headwater tributaries of the River Ganga and
River Yamuna River [14]. Though a lack of studies that estimate the exact contribution
of the Himalayan springs to the rivers originating in the Himalayas exists, there is some
evidence to suggest that flow in these rivers during lean seasons is maintained, to a large
extent, by contributions from springs and groundwater flow [2,6,14,20]. In several regions,
springs are considered sacred, holding cultural and religious significance to communities
dependent on them [3,21]. However, in recent decades, nearly 50% of perennial springs
and 60% of low-discharge springs have shown a decline in discharge, if not being fully
dried up [14].

In recent decades, a reduction in spring discharge and declining water quality have
been observed in separate studies across the IHR (for example, Central Himalaya [2],
Western Himalaya [4]). Isolated studies in different parts of the IHR report population
growth [7,15], development activities (road construction) [4,15,22] and rapid urbaniza-
tion [7], climate change and variability [6,21,23], and land use land cover changes [4,7] as
reasons for the decline in spring discharge, and unplanned urban development for the poor
water quality [24,25]. The author of [17] presents a synthesis of the effect of anthropogenic
activities and climate change on springs and suggests measures to mitigate them. The
impact of the drying of springs on the water security of the region is further aggravated by
demand-side pressures on water resources. The Himalayas have seen an increase in the
number of urban centers, an increase in the urban population due to migration of people
from rural and semi-urban regions to these urban centers, and an increase in the seasonal
floating population consisting of recreational and religious tourists [19]. The growth in
the urban population has led to exploitation of water resources in the region, with urban
centers dependent on water from springs and rivers through piped networks [26]. The
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increasing demand and decreasing supply of freshwater from springs are a water security
threat in the Himalayan region.

Led by an urgent need to unify efforts across the IHR at the national level, the National
Institution for Transforming India [14] (NITI Aayog), a policy ‘Think Tank’ of the Govern-
ment of India, constituted a working group in 2017 to assess the magnitude of the problem
and synthesize policies, initiatives, and best practices from across the IHR [14]. With an
estimated 3 million springs in the IHR alone [14], there exists a need for a framework to
identify springs and regions in the IHR that are most vulnerable and thus need urgent
attention for rejuvenation, restoration, and better management. This study aims at provid-
ing a conceptual framework to assess the vulnerability of the Himalayan springs. In the
following sections, after defining the study region, we begin conceptualizing vulnerability
(concept) to stressors in springs in the Indian Himalayas. This is followed by a systematic
review of previously published research on each component of vulnerability assessment
(operational procedures). The conceptual model is discussed through a case study of
Mathamali spring in the Western Himalayas.

Vulnerability in the context of management of springs and other natural resources is
not entirely novel in India. The National Rainfed Area Authority (NRAA) of the Ministry
of Agriculture and Farmer Welfare, Government of India, developed a composite index
for the prioritization of districts for development planning [27]. The 670 districts of
the country, representing more than 90% of the population and geographical area, are
ranked based on a composite index computed as a weighted aggregate of two rescaled
indices (natural resource index and livelihood index), which are themselves weighted
aggregates of 12 and 18 parameters, respectively. Similarly, a village-level assessment
of climate-related vulnerability has been undertaken in Sikkim [21] using an exposure,
sensitivity, and adaptive capacity framework. The drying up of springs is reported as an
impact of climate change on the water resources of villages [15,21], and hence intensive
studies on reviving dying springs were subsequently taken up in the drought-prone west
and south districts identified based on vulnerability analysis at the village level. Both
these studies prioritize development activities within administrative boundaries using an
index-based approach. In the present study, we look at springs and clusters of springs
as the unit of study. Inventorying of springs has been taken up in recent years in many
states by governments (e.g., the Sikkim spring atlas developed by the Rural Development
Department, Government of Sikkim, https://sikkim-springs.gov.in/spring_atlas, accessed
on 9 June 2021) and non-governmental agencies (e.g., the spring atlas of Uttarakhand
developed by CHIRAG, an NGO in Uttarakhand, http://chirag.org/wp-content/uploads/
2019/07/SPRING-ATLAS-CHIRAG.pdf, accessed on 9 June 2021). Therefore, a quantitative
measure of the vulnerability of springs will augment the inventory exercise to enable
targeting of springs and clusters of springs requiring immediate attention for rejuvenation.

2. Study Region

The IHR comprises ten (10) states and four (4) hill districts of India stretching in an East–
West orientation for 2500 km along the northern border of India. This region covers three
(3) biogeographic zones—the Himalayas, the Trans Himalayas, and the northeast hills. A
biogeographic zone is a large distinctive land unit of similar ecology, biome representation,
community, and species [28] (the biogeographic classification of India was first published
as a draft in 1988 by the Wildlife Institute of India (WII) and further refined and published
in the review of the protected areas network for India). In developing a framework
for vulnerability assessment, this paper focuses on the Himalayas biogeographic zone
spread across five Indian states (Jammu and Kashmir, Himachal Pradesh, Uttarakhand,
Sikkim, Arunachal Pradesh) and two hill districts of West Bengal (namely, Darjeeling and
Kalimpong). The Himalayas further consist of four biotic provinces (North-West, West,
Central, and East Himalayas). The North-West and West Himalayas are in the states of
Jammu and Kashmir, Himachal Pradesh, and Uttarakhand. The central province comprises
Sikkim and the hill districts of West Bengal, while Arunachal Pradesh is in East Himalaya.
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In this paper, regions west of Nepal are considered the western region and the states east
of Sikkim as the eastern region. Only Sikkim and the hill districts of West Bengal are in
the central region of the Himalayas. The Kumaon region of Uttarakhand is sometimes
considered as the Central Himalayas (e.g., [4]), but in this paper, the whole of Uttarakhand
will be considered part of the western region of the Indian Himalayas.

3. Conceptualizing Vulnerability in Springs in the Indian Himalayas

In this study, we developed a conceptual model to represent vulnerabilities in the
Indian Himalayan springs by adapting the triple complexity for adaptive management
systems proposed in [29] and the WR-VISTA framework proposed in [30]. For this purpose,
vulnerabilities in the Himalayan springs to stressors are considered a connected system con-
sisting of the (1) complexity in water management and planning systems, (2) complexity of
spring systems, and (3) complexity of stressor systems (Figure 1a,b). To represent this triple
complexity, we need to translate stressors to impacts in the Himalayan springs. Top-down,
bottom-up, and hybrid approaches can be useful for this (Figure 1a). Then, we represent the
degree of stressors and springs using measured and/or surveyed information (variables
and/or indicators; e.g., temperature, rainfall, water yield, farmer choice), and water man-
agement is represented using concepts (vulnerability). Finally, we translate the variables
and/or indicators to concepts (Figure 1b) using four pathways (Figure 1c). Traditional
studies use Path 1 (variable-model-vulnerability) and/or Path 2 (variable-vulnerability).

 

tt

tt
tt

Figure 1. Vulnerability of Himalayan springs to variable and changing stressors. (a) Three approaches (based on starting
points) that can be used in vulnerability assessments. (b) Systems approach to represent the triple complexity. (c) Approaches
and pathways to representing the complexity in IHR. In (b) and (c), the inter-connectedness between the three systems is
represented using dashed-bordered arrows. The solid-bordered arrows in (b) represent the general information flow while
translating variables to the vulnerability concept. The first column of solid-bordered arrows (left-hand side) in (b) represents
the water management systems and stressor systems, while the second column of solid-bordered arrows (right-hand side)
in (b) represents the vulnerability of the water management system. The information flow through solid-bordered arrows in
(b) is divided into four pathways using 4 arrow types in (c).

In our attempt to develop quantitative vulnerabilities of the Himalayan springs to
stressors using indicators and the system’s approach, we introduce two other potential
pathways (Pathways 2 and 3, Figure 1c). For this, first, we developed a conceptual model
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incorporating the systems approach which is based on systems theory, for vulnerability
assessment. The systems theory [31] states that complex, nonlinear systems function
differently in vivo than the separate scrutiny of their parts might indicate. The advantage
of this study is derived from the systems approach’s ability to extract information about
the functioning of complex systems, which cannot be garnered from a sequence of isolated
subsystem-scale studies [29].

The triple complexity we propose to be incorporated into the conceptual modeling
framework process requires a holistic perspective rather than a reductionist perspective.
Our problem has the common challenges of complex systems and data-scarce regions, in-
cluding (1) multi-scale processes and multi-scale interactions; (2) emergent self-organization
properties that reveal new behaviors; (3) multiple stressors and their interconnections;
(4) limited understanding of processes; (5) theoretical concepts that cannot be measured
directly; and (6) limited datasets to represent the processes and interactions. Quantifying
issues enmeshed in multi-scaled connectivity is a fundamental characteristic of complex sys-
tems, and the process of the quantifying function within this complexity is the fundamental
objective of the systems approach [32].

The developed conceptual framework identifies the stressors (internal/external),
characterizes the processes in the springs in the Indian Himalayas, and synthesizes the
impacts and responses from the literature and expert knowledge about the study region.

The top-down, bottom-up, and hybrid approaches are useful analytical starting points.
Top-down approaches most frequently use measured/observed data (variables), which
are then input to models that mathematically represent the system and take action, while
in the bottom-up approach, information is collected using surveys, questionnaires, etc.,
from key stakeholders (e.g., producers, managers, planners) [29]. They can provide an
appropriate starting point from an implementation perspective. Hybrid approaches also
exist. These approaches utilize the stakeholder information from bottom-up models with
the top-down models.

3.1. Typologies of Indian Himalayan Springs

A review of published research on springs in the Indian Himalayas reveals a diversity
of springs in the region, and, consequently, these have been classified in numerous ways
based on geology, hydrology, water chemistry, water temperature, human use, and the
landscape of the recharge area (Table 1).

Table 1. Synthesis of typologies of Himalayan springs.

Classification Type Categories (Examples) Region Sources

Geology

Bedrock Triassic limestone, alluvium (flood plains), Karewas (lacustrine
deposits), Panjal traps (volcanic rocks) Western (Kashmir) [23]

Geological structure (genesis and
nature of water-bearing formation)

Fracture/joint-related springs, fault lineament-related springs,
colluvial springs, springs originating in fluvial deposits,

bedding plane-related springs, sill or dyke-related springs, karst
springs, underwater springs

Western (Kumaon division,
Uttarakhand) [4]

Geo-structural controls
Thrust (lineament)-controlled, fault-controlled, bedding

plane-controlled, fracture-controlled, joint-controlled, shear
zone-controlled, fluvial deposit-related

Western (Nainital district, Kumaon
division, Uttarakhand) [6]

Based on the underlying geology Depression, contact, fracture, karst, and fault springs
Western (Uttarakhand), Central

(Sikkim), and Eastern (Arunachal
Pradesh)

[2,15,33,34]

Hydrology

Variation or persistence of flow Springs with continuous flow, springs with interrupted flow,
dead springs or springs that dried up very frequently

Western (Tehri-Garhwal district,
Garhwal division, Uttarakhand) [22]

Seasonality Perennial springs (flow throughout the year), non-perennial
springs (flow during some months), dry springs

Western (Nainital district, Kumaon
division, Uttarakhand) [6]

Based on spring hydrograph
Low discharge and highly seasonalWidely ranging discharge

and seasonalHigh and perennial dischargeModerate and fairly
constant and perennial discharge

Central (Sikkim) [2]
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Table 1. Cont.

Classification Type Categories (Examples) Region Sources

Water Chemistry

Water type (hydrochemical facies) Ca–Mg–HCO3 water with low to moderate EC
Ca–Mg–HCO3–SO4 water with moderate EC Western (Himachal Pradesh) [35]

Water Temperature

Temperature (with indirect reference
to mean annual air temperature)

Cold springs (8–14 ◦C)
Warm springs (14–19◦C) (MAAT is 12 ◦C) Western (Kashmir) [36]

Absolute temperature Warm spring (25–37 ◦C)
Scalding spring (temperature >50 ◦C) Eastern (Arunachal Pradesh) [37]

Human use

Based on suitability for irrigation

Classification based on salinity, sodium hazard (sodium
absorption ratio (SAR)), soluble sodium percentage (SSP),

residual sodium carbonate (RSC), magnesium index,
permeability index, Wilcox diagram

Western (Almora, Kumaon division,
Uttarakhand) [18]

Recharge area properties

Nature of the landscape comprising
the catchment of the spring

Reserve forest (mixed), reserve pine forest, open pine forest,
rainfed agriculture, irrigated land, population <5000,

population 5000–10,000, population >10,000

Western (Almora, Kumaon division,
Uttarakhand) [25]

Classification of springs based on vulnerability to stressors will further spring the
rejuvenation, restoration, and sustainable management agenda in the Indian Himalayas. In
the next section, stressors are identified based on a synthesis of findings from peer-reviewed
published studies.

3.2. Systematic Review of Stressors of Himalayan Springs

As per the 2011 Census of India, 46.96 million people live in the IHR (except Kalimpong
in West Bengal which was demarcated as a separate district only in 2017) which is a decadal
increase of 18.42% as compared to the 2001 census. The average annual exponential growth
rate for IHR has decreased from 2.25 to 1.71 for the decades 1991–2001 and 2001–2011,
respectively, but is still higher than the pan-India annual growth rate of 1.64. These
figures are indicative of population pressure on the mountain ecosystems of the Himalayas.
However, a closer look at studies on Himalayan springs indicates at least two broad
categories of stressors: biophysical and socio-economic, each of which can be both external
and internal (Figure 2). These drivers present a lens to map recent changes observed in the
Himalayan springs that are affecting their sustainable use.

The stressor categories are defined based on the predominant effect of the stressor
on the spring system. The biophysical drivers are the inter-related effects of land use
and land cover change, climate change, and tectonic movements within the Earth’s crust.
These changes alter the recharge of springs and also affect storage and flow paths from
the water source to the springs. The socio-economic drivers are the effects of a growing
population and rapid human and economic development in the Himalayas. These drivers
result in demand-side pressures while, at the same time, stifling supply side processes in
the spring systems. Rapid development has also resulted in a deteriorating water quality
in some springs due to the transport of anthropogenic pollutants to water sources that
feed the springs. Table 2 presents a synthesis of drivers of change in Himalayan springs
from published research articles. There exists a dearth of research on springs in the eastern
region, with existing research (for example, [34,37]) only characterizing the springs in select
locations in this region.
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Figure 2. A conceptual representation of the challenges faced by the Himalayan springs: internal and external pressures
and drivers impacting them.

Table 2. Synthesis of drivers of change in the Indian Himalayas.

Drivers Sources Region

A Biophysical drivers

A.1 Internal

A.1.1 Deforestation—forested land converted to barren land [6] Kumaon division, Uttarakhand, Western

A.1.2 Replacement of multi-storied oaks with single-storied pine forests [4,38] Kumaon division, Uttarakhand, Western

A.1.3 Change in the landscape in the recharge area—encroachment by invasive
species (cacti and other xerophytes, Lantana camara, etc.) [4] Kumaon division, Uttarakhand, Western

A.1.4 Slope failures and landslides [6] Kumaon division, Uttarakhand, Western

A.1.5 Declining precipitation (particularly recycled precipitation recharging
precipitation-fed springs) [4] Kumaon division, Uttarakhand, Western

A.1.6 Forest fires [15] Sikkim, Central

A.1.7
The decreasing trend of precipitation in the period of snow accumulation, i.e.,
November to February, resulting in rapid glacier retreat due to negative mass

balance, affects glacier-fed springs
[23,39] Kashmir, Western

A.1.8 Geomorphological features of the recharge area (upslope area) of the spring [16] Garhwal division, Uttarakhand, Western

A.2 External

A.2.1 Precipitation decline due to climate change [6] Kumaon division, Uttarakhand, Western

A.2.2 Reduction in the temporal spread of rainfall due to climate change,
particularly decrease in winter rainfall [15,21] Sikkim, Central

A.2.3 Increase in intensity of rainfall [15,21] Sikkim, Central

A.2.4 Shifting of climate zones to higher altitudes resulting in reduction in oak
forests and consequent replacement by pine and mixed forests [6] Kumaon division, Uttarakhand, Western

A.2.5 Glacier retreat due to global warming and resulting negative mass balance [23] Kashmir, Western

A.2.6 Neo-tectonic movements, active movements of tectonic plates resulting in
changing thrusts, faults, and lineaments that affect groundwater flow [6] Kumaon division, Uttarakhand, Western

B Socio-economic drivers

B.1 Internal

B.1.1
Livelihood practices—uncontrolled grazing, frequent plowing for multiple
cropping, and higher constructional activity in the recharge area affect the

water holding capacity of the soil
[25] Kumaon division, Uttarakhand, Western

B.1.2
Increasing fragmentation of landholdings. Therefore, springshed

management requires greater coordination among more individuals who hold
land in the recharge area.

[15] Sikkim, Eastern
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Table 2. Cont.

Drivers Sources Region

B.1.3 Development in the vicinity of the spring [22] Garhwal division, Uttarakhand, Western

B.1.4 Road widening, excavation for roads [4,6,22] Garhwal and Kumaon division, Uttarakhand,
Western

B.1.5 Expansion of canal network [4] Kumaon division, Uttarakhand, Western

B.1.6 Upslope cutting for settlement and big buildings [6,22] Garhwal and Kumaon division, Uttarakhand,
Western

B.1.7 Encroachment into forest land for horticulture and agriculture [4,6] Kumaon division, Uttarakhand, Western

B.1.8 Industrialization, urbanization [4] Kumaon division, Uttarakhand, Western

B.1.9 Increasing population density in urban settlements, unplanned expansion,
improper disposal of domestic sewage results in contamination of springs [24,25,40] Kumaon division, Uttarakhand, Western

B.1.10 Out-migration and urban migration of men resulting in the feminization of
springs management that is challenging local institutions [41] IHR

B.2 External

B.2.1
Development of densely populated settlements and large mountain towns in

the same catchment as the springs under consideration, resulting in increasing
demand for water

[5] Kumaon division, Uttarakhand, Western

B.2.2 Adoption of tourism models in the IHR that are not appropriate for
mountain ecosystems. [41] IHR

3.3. Characterizing the Stressors and the Springs in the Indian Himalayas

Stressors and springs have various characteristics such as properties, behaviors, in-
ternal processes, and position in the environment. For example, we can synthesize the
typologies or classifications that use similarities of form and function to impose an order on
springs. Basically, they are intellectual constructs in which objects with similar relevant at-
tributes are grouped to represent the stressors and the springs. As evident from the schema
of typologies of springs, a wide variety of information is collected related to springs which
is then used in characterizing the springs. In an attempt to present a unified list, in this
section, we follow a protocol for springshed management used successfully in the invento-
rying, rejuvenation, and management of springs in India. The authors of [33] presented,
as an outcome of a consultative process with key stakeholders, a six-step protocol for the
revival of springs in the Hindu Kush Himalayas drawing from previous experience in the
implementation of spring and springshed management in Sikkim State of India under the
Dhara Vikas program of the Rural Management and Development Department (RM&DD)
of the Government of Sikkim. Steps 1 through 4 focus on knowledge generation and steps 5
and 6 on implementation. Table 3 summarizes the nature of data that are needed to identify
the type of spring and manage it effectively. As it can be seen, some characteristics are
measurable or quantifiable, while some other characteristics are qualitative.

The stressors are then identified by drawing a causal relationship between stressor
variables and the state of the spring system. These stressors are characterized by measuring
the change in the stressor variable while simultaneously quantifying the change in the
‘state’ of the spring. As classified earlier, we look at stressors as falling broadly into two
categories, biophysical and socio-economical, though the effects are mostly combined, and
sometimes the effect of one stressor in one category is on another stressor in the opposing
category which finally impacts the ‘state’ variable of the spring. This interconnected nature
of stressors should be kept in mind even while attempting to categorize the stressors.
Characterization is conducted by identifying measurable properties (Table 4). For example,
biophysical stressors are characterized by quantifying the change in climate variables such
as precipitation and temperature at different temporal aggregations and scales, and by
estimating the change in visible land cover year on year to quantify, for example, the decline
in forest area, maximum areal extent of glacier fields and snowpacks, and canopy loss
due to forest fires. Population increase, increase in the road and canal networks (reported
as kilometers of roads constructed or canals excavated), increase in per capita demand
of water to support upward economic and social mobility, etc., are some examples of
properties of socio-economic stressors that can be quantified. Many of the stressors can be
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characterized at a coarse spatial resolution from reports, data, and satellite imagery that
are readily available. However, owing to the high spatially heterogeneous nature of the
Himalayan landscapes, information at the local scale needs to be generated by (1) instru-
mentation within the springshed to measure, for example, rainfall and temperature, and
by (2) adopting participatory methods at individual (key informant interview), household
(household surveys), and community levels (village workshops, focused group discussions,
transect surveys with community participants) to collect, for example, information on the
use of natural resources (resource mapping, cropping calendars).

Table 3. Data requirements for identifying the type of springs.

Sl. No.
Spring and Springshed
Characteristic/Property

Data Required/Method Used

Measurable Qualitative

1. Geographic location Latitude, longitude, elevation

2. Administrative identifier

The village name, Gram Panchayat (lowest level of
Panchayati Raj Institutions (PRIs) which form a part
of the local self-governance system in India), district

(an administrative division of an Indian state)

3. Springshed boundary, area of interest Toposheets, GIS, transect walk—all water sources
inventoried with GPS

4. Hydrology Discharge, rainfall, flow duration curves, perennial
or seasonal

5. Hydrogeological mapping
Classification into spring type—depression, contact,

fracture, fault, or karst types; identification of
bedrock (regional aquifers)

Geological map of the area, observations during
transect walk, conceptual hydrogeological layout

(cross-section and 3D) of the springshed
demarcating recharge areas

6. Water chemistry

pH, hardness, TDS, major constituents—HCO3, SO4,
Na, Cl, Ca, Mg, Si; minor constituents—B, Ni, Co, K,
F, Fe, strontium; trace constituents—heavy metals,
nutrient concentrations (nitrates, phosphates ions),

oxygen levels (DO, BOD)

7. Human use—potable or not FGD, KII

8. Water uses

FGD, KII, questionnaire survey—household survey;
no. of households (from government records); no. of
livestock (from livestock census); commercial uses;

irrigated area

9. Importance of the spring
KII—alternative sources of water, religious/cultural

significance, perception of drying trends of the
spring

10. Land use in the springshed LULC maps—historical (baseline) and current Transect walk, KII—cropping patterns, seasons,
change in LULC

11. Management of the spring
KII—conflicts and conflict resolution, existing

institutions, equity aspects: women, marginalized
sections, power dynamics

12. Access to the spring KII, questionnaire—private, few households,
common, women only, marginalized sections

Abbreviations: KII—key informant interview; FDG—focused group discussion; LULC—land use land cover.

Table 4. Measurable properties for characterization of stressors.

Drivers Sources
How Is This Measured?(or) What Is the Variable That Needs to

Be Measured?

A Biophysical drivers

A.1 Internal

A.1.1 Deforestation—forested land converted to barren land [6] LULC map for at least two years (baseline/historical and current)
and calculating change in the area of each LULC class.

A.1.2 Replacement of multi-storied oaks with single-storied pine forests [4,38] Change in springshed aggregated evaporation losses from each
LULC class.

A.1.3 Change in the landscape in the recharge area—encroachment by
invasive species (cacti and other xerophytes, Lantana camara, etc.) [4] Indicator for depletion in soil moisture. Percentage of area covered

by oak forests replaced by pines or cacti and other xerophytes.

A.1.4 Slope failures and landslides [6] Spatial distribution mapand density (landslides/km2) of landslides
developed after delineating existing landslides during fieldwork.
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Table 4. Cont.

Drivers Sources
How Is This Measured?(or) What Is the Variable That Needs to

Be Measured?

A.1.5 Declining precipitation (particularly recycled precipitation
recharging precipitation-fed springs) [4]

Can be determined by a multivariate regression model with
evapotranspiration and land use (categorical variable) as dependent

variables and precipitation as independent variables.

A.1.6 Forest fires [15] Thematic map of incidents of forest fires in the period under
consideration (similar to landslide thematic map).

A.1.7
The decreasing trend of precipitation in the period of snow

accumulation, i.e., November to February, resulting in rapid glacier
retreat due to negative mass balance, affects glacier-fed springs

[23,39] Trend (or variation) in total precipitation received during November
to February.

A.1.8 Geomorphological features (aspect and slope) of the recharge area
(upslope area) of the spring [42] Determined using Brunton compass during field survey. It can also

be determined reliably from high-resolution DEM.

A.2 External

A.2.1 Precipitation decline due to climate change [6] The trend in annual precipitation.

A.2.2 Reduction in the temporal spread of rainfall due to climate change,
particularly decrease in winter rainfall [15,21] Trends in seasonal totals of rainfall.

A.2.3 Increase in intensity of rainfall [15,21] Trends in the number of rainy days in a year.

A.2.4
Shifting of climate zones to higher altitudes resulting in change

reduction in oak forests and consequent replacement by pine and
mixed forests

[6]

An indicator for shifting climate zones is % area covered by oak
forests replaced by pines and mixed forest. Alternatively, change in
mean elevation of oak forests, pine forests, and mixed forests. If the

change is significant, then we can say that the climate zones
have shifted.

A.2.5 Glacier retreat due to global warming [23] Glacier retreat due to climate change is established using long
records of glacier length (average record length used is 94 years) [43].

A.2.6
Neo-tectonic movements, active movements of tectonic plates
resulting in changing thrusts, faults, and lineaments that affect

groundwater flow
[6] The proximity of spring location to seismo-tectonically active thrust

planes, for example, the main boundary thrust.

B Socio-economic drivers

B.1 Internal

B.1.1
Livelihood practices—uncontrolled grazing, frequent plowing for

multiple cropping, and higher constructional activity in the recharge
area affect the water holding capacity of the soil

[25]

The number of livestock per 1000 households (normalized by the
number of households and area of the district) can be used as an

indicator for pressure on land due to grazing. District-wise data of
the livestock census are available for the 19th livestock census
(2012).An increase in the built-up area, increase in abandoned

agricultural plots, and increase in % of agricultural plots can be seen
as indicators for livelihood practices that affect the sustainability

of springs.

B.1.2
Increasing fragmentation of landholdings. Therefore, springshed

management requires greater coordination among more individuals
who hold land in the recharge area.

[15]
Thematic map indicating the number of landholders per square

kilometer similar to landslide map can be developed from
household surveys.

B.1.3 Development in the vicinity of the spring [22] The proximity of each spring to the nearest census town. The greater
the proximity, the lesser the impact of the town on the spring.

B.1.4 Road widening, excavation for roads [4,6,22] Key informant interview corroborated with village-level records.

B.1.5 Expansion of canal network [4] Key informant interview corroborated with village-level records.

B.1.6 Upslope cutting for settlement and big buildings [6,22] Village workshops and transect surveys to identify big construction
projects and quantify area extent of upslope cutting.

B.1.7 Encroachment into forest land for horticulture and agriculture [4,6] % pixel area of forest land replaced by cultivated land from LULC
change analysis.

B.1.8 Industrialization, urbanization [4] Increase in the built-up area from LULC change analysis

B.1.9
Increasing population density in urban settlements, unplanned

expansion, improper disposal of domestic sewage results in
contamination of springs

[24,25,40] Thematic maps of percentage increase in population between last
two censuses.

B.1.10
Out-migration and urban migration of men resulting in the

feminization of springs management that is challenging local
institutions

[41] Household surveys and focused group discussions needed.

B.2 External

B.2.1
Development of densely populated settlements and large mountain

towns in the same catchment as the springs under consideration,
resulting in increasing demand for water

[5] The proximity of each spring to the nearest census town. The greater
the proximity, the lesser the impact of the town on the spring.

B.2.2 Adoption of tourism models that are appropriate for plains in
the IHR [41] Inventorying of villages with tourism as an alternative or primary

source of livelihood.
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3.4. Impact of ‘Stressors’ on the ‘State’ of Indian Himalayan Springs

For the vulnerability assessment of Indian Himalayan springs, this section discusses
the selection of critical ‘states’ based on ‘stressors’ identified in different regions of the
Himalayas. The impacts can follow more than one pathway and are linked to a change in
state. Table 5 summarizes the findings from the literature reviewed.

Table 5. Impact of ‘stressors’ on the ‘state’ of Indian Himalayan springs.

Region Stressor Impact State Change in State

Sikkim, Central
Himalayas

Climate Change

• Change in the temporal spread of
rainfall

• Decrease in winter rainfall
• Increase in intensity

• Forest fires and
resulting drying up of
springs

• Poor accumulation and
recharge during rainfall
events resulting in the
drying up of springs

• The decline in
production of winter
crops

• Women required to
travel long distances to
collect water

• Lean period discharge
• No. of months of flow

• Decrease in lean period
discharge

• Change of perennial
springs to seasonal or
dried-up springs

Kashmir, Western
Himalayas

• Winter precipitation—decreased
rainfall in the period of snow
accumulation

• Global warming

• Glacier retreat
• The maximum

discharge of the spring
in a year

• Attenuation of
maximum discharge

• Karst springs are
affected more than
alluvial springs

Uttarakhand,
Western

Himalayas

• Climate change

→ The decline in
precipitation from oceanic
sources

→ → Shifting climate zones
→ Replacement of oak with

pine
→ Conversion of forest land

to barren land accelerated
by clearing of forest for
development and
consequent erosion

→ Encroachment of alien
species

→ The decline in recycled
precipitation

• Economic and human
development

→ Excavation for roads and
canals

→ Construction activity
→ Reduction in the extent of

forest cover due to
overgrazing,
encroachment into forest
land for agriculture and
horticulture, excavation
for roads and canals, etc.

→ Unsustainable practices
such as overgrazing and
bi-monthly plowing
resulting in loss of topsoil

→ Development of large
towns and consequent
pressure on water sources

→ Unmanaged drains and
improper sewage disposal

• Decreased infiltration,
increased surface
runoff

• Decreased average
seasonal discharge (in
liters per day) in
springs; the discharge
measured periodically
before the rainy season
(June), immediately
after the rainy season
(October), and during
winter (February)

• Diminished discharge
in streams; annual
average in cumec per
day

• Springs in densely
populated areas have
high EC, low DO, high
NO3-, and presence of
coliform due to
improper disposal of
sewage

• Magnitude of discharge
• Seasonality
• Suitability of water for

drinking

• Decrease in average
discharge

• Decrease in the number
of perennial springs
and consequent
increase in the number
of seasonal and
dried-up springs

• The presence of nitrates
indicates
contamination of the
water

3.5. Responses in Springs Due to Impacts and Stressors

Many spring revival programs have been successfully undertaken in the many Hi-
malayan states during recent decades. The NITI Aayog report on Inventory and Revival of
Springs in the Himalayas for Water Security [14] (pp. 23–24) lists appropriate responses
to deterioration of springs based on a synthesis of best practices in spring revival in In-
dia. Recharge area protection or spring source protection has been adopted in many
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locations by limiting grazing, encroachment, and development activities in the recharge
area of the springs. An emphasis on the ‘springshed’ approach in policy and action has
furthered the effectiveness of source protection by adopting hydro-geological methods
to recharge area identification rather than a ridge-to-valley approach with just protection
of the ridge or upslope area, as conducted in traditional watershed management. The
effectiveness of the recharge of springs is improved by implementing engineering measures
(staggered and contour trenching, building check dams across small streams, construction
of gabions/retaining walls/spurs, diversion drains) and vegetative measures (fuelwood,
fodder and fruit tree plantations, grassland management, and hedgerow treatment) [14].
Locations experiencing glacier retreats can adopt measures to improve snow retention and
collection of snow meltwater for spring recharge. These measures have been seen to be
successful when implemented through local-level management and adoption of traditional
knowledge. Demand management is another response where communities dependent
on springs calibrate their water consumption to ensure the sustainability of the springs.
This involves improvement in water distribution, implementation of water conservation
practices, and organized management of springs. A return to community ownership of
the resource and strengthening of village-level institutions for water management has
been observed in the success stories of spring revival. This ensures the implementation
of interventions for spring revival that are linked to the livelihoods of the communities
involved, thus further ensuring the long-term sustainability of the interventions. The
dearth of long-term data on spring discharge and quality has hampered early identification
and implementation of spring revival. There is a need for setting up systems for regular
monitoring of springs, with at least one each from distinct typologies within an admin-
istrative unit (say, a district) for assessing the impacts and effectiveness of responses on
the springs.

3.6. Framework Developed

The conceptual framework developed in this study aims to represent the vulnerability
of springs in general (Figure 3) using novel systems thinking approaches. In the following
figure, the target system comprises internal elements (Himalayan springs), and these
elements are defined by characteristics (dotted circles within the system). Some examples
of the spring characteristics are discharge, flow duration curve, and households dependent
on a spring. Representation of springs can include multiple elements, including biophysical
(BP), economic (E), and social (S) elements, or their combinations (BPES).

Stressors are external to the target system and are classified as internal and external
stressors. They are defined by characteristics (dotted circles within the star). When the
target system is exposed to the stressors, impacts are represented as changes in the char-
acteristics of the target system elements (disfigured circles, color changes), representing
changes to BP, E, S, and BPES. Note that each element responds differently (or not at
all) to a stressor. On the other hand, the stressor characteristics are assumed to have no
changes during impact. The small, medium, and large changes in spring characteristics are
represented as changes in only color, only shape, and both color and shape, respectively.
For example, a large increase in the number of heavy-rainfall days (stressor) may have a
larger impact on discharge when compared to no change in discharge for a small increase
in the number of rainy days in any year. Similarly, a large increase in the proportion
of barren land in the recharge area may have a larger impact on the seasonality of the
spring when compared to encroachment into forest lands for agriculture and consequent
withdrawal of recharge water to the spring for consumptive water for farm produce. Ac-
cordingly, vulnerability assessments will be carried out to assess the degree of stress on
the target systems. The efforts will be targeted to utilize the benefits of change and reduce
the harmful effects of change. The thick arrows represent the overall flow direction of
processes in the conceptual framework as well as the direction of the movement of time.
Stressors and target system characteristics, the impacts of stressors, responses, and restora-
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tion efforts can be identified by literature reviews, expertise in the region, and available
observed/measured/survey data.

Figure 3. Conceptual framework.

4. Case Study

We present a limited stressor causal chain (Figure 4) using readily available data from
previously published research for Mathamali spring in Dhanaulti Tehsil (administrative
unit in India), Tehri-Garhwal district, Uttarakhand State of India. First, we look at the effect
of biophysical stressors on springs. Analysis of annual and monsoon seasonal precipitation
over a 60-year window (1955–2015) in the Tehri-Garhwal district shows a significant
decreasing trend with the Theil-Sen slope reported as 8.22 mm/year and 6.80 mm/year,
respectively [44]. It is important to note that this significant decreasing trend is higher than
the annual and seasonal decreasing trend for the Uttarakhand meteorological sub-division
(1.28 mm/year and 1.20 mm/year, respectively) based on an analysis of precipitation series
for the years 1901–2019 [45]. A similar analysis of the most recent 30 years (1989–2018) of
rainfall observations has also shown a decreasing trend, consistent with previous studies,
in the annual and seasonal (southwest monsoon) totals of precipitation in Tehri-Garhwal
district, but the reported trend is not statistically significant [46]. However, what was
further reported in the 30-year analysis was a significant increasing trend in the number
of heavy-rainfall days (daily rainfall >=6.5 mm) over the entire year, with no significant
increase in the number of rainy days (daily rainfall >=2.5 mm) [46]. This implies that, on
average in the most recent 30 years, over Tehri-Garhwal district and the springshed of
Mathamali spring, there is an observed increase in the frequency of heavy-rainfall days,
but the same (or slightly decreasing) annual and seasonal totals of precipitation deposited
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over a water year. This is likely to result in less time for infiltration, increasing surface
runoff, and, consequentially, less recharge for the same totals of precipitation. The increase
in frequency in recent decades combined with the gradual decrease in precipitation over a
great part of the previous century is a likely cause for the perceived decline in Mathamali
spring’s discharge.

Figure 4. Characterization of stressors in Mathamali spring, Uttarakhand, India.

Furthermore, LULC analysis of the Aglar watershed [47], of which Mathamali spring
forms a part, has shown a 48% increase in barren land between 1993 and 2017 and 19.8%
between 1999 and 2017. Though the increase in barren land is very large in the early
years of the time period, a conservative estimate of the decadal increase can be considered
as closer to 10%. This is lower than the 28% increase in the fallow land in Uttarakhand
State between 2007 and 2017, which increased from 108 thousand hectares in 2007–2008
to 150 thousand hectares in 2016–2017 (land use statistics, at a glance, for 2007–2008 to
2016–2017 published by the Ministry of Agriculture and Farmers Welfare, Government of
India, November 2020, and accessed on https://eands.dacnet.nic.in/LUS_1999_2004.htm,
accessed on 9 June 2021). An increase in barren land is likely to result in erosion and poorer
retention of soil moisture, leading to a lower recharge of the spring.

Human and livestock populations exert pressure on the limited natural resources.
We now look at the characteristics of human population and livestock population growth
in Uttarakhand State vis à vis all-India growth numbers to identify and quantify the
socio-economic stressors on the vulnerability of Mathamali spring. The average annual
exponential growth rate of the human population in Uttarakhand for the decade 2001–2011
is 1.77, which is higher than the corresponding statistics of the IHR and pan-India, which are
1.71 and 1.64, respectively (2011 Census of India). The population growth rate being higher
than other regions in the IHR indicates that the freshwater resources, including springs in
Uttarakhand, are increasingly at risk of exploitation and consequent degradation (drying
up of springs and contamination). Grazing practices exert pressure on the land, resulting
in denudement of slopes in the recharge area. Between 2007 and 2012, the total livestock
population in India decreased by 3.3% (18th and 19th livestock censuses of India). The
corresponding decrease in the livestock population in Uttarakhand State is 6.7% (a decrease
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from 51.41 lakh in 2007 to 47.95 lakh in 2012, as reported in 18th and 19th livestock censuses
of India). This decrease in the livestock population in the 5-year period (2007–2012) must be
seen in the context of a 5.6% decadal increase in India’s total livestock population between
2003 and 2012 (17th and 19th livestock censuses). The recent decrease in the livestock
population indicates that grazing pressure on land resources is not a significant stressor in
the recent drying up of springs in Uttarakhand, yet the perceived drying up of Mathamali
spring and the decadal increase in livestock indicate that the livestock population remains
a socio-economic stressor on springs in general. The abandonment of agriculture (indicated
by an increase in barren land) coupled with a growing livestock population and grazing
practices (as a lucrative livelihood alternative to agriculture) puts further pressure on the
denudement of slopes due to the combined effect of fallow ground in some locations and
excessive grazing in other locations, thus affecting the recharge of springs and the decline
in lean season flows. Therefore, in this case study of Mathamali spring, the biophysical
stressors considered are the decline in annual and seasonal precipitation and the increase
in barren land, while the socio-economic stressors are population and grazing pressures
on land and water resources (Figure 4). The vulnerability index (VI) is estimated as a
normalized aggregation of individual vulnerability indices (VIi) due to each stressor, which
is estimated using Equation (1). The equation is a modification of the similar equation
suggested in [30] by trading time for space. Normalization is conducted by averaging
the aggregated vulnerability index, aggregated using equal weights, but weights can be
modified based on a detailed study of the impact of each stressor variable on the state of the
spring. VI = 1 indicates a lower vulnerability of the spring to the stressors. The greater the
VI deviates from 1 (VI < 1 and VI > 1), the greater the vulnerability of the spring of interest
to the stressors compared to the springs located within the larger geographical extent.
Here, by this definition of vulnerability, the effect of the stressors can be both detrimental
(drying up of springs) and advantageous (increase in spring flow). The calculation of VI
for Mathamali spring is demonstrated in Table 6.

VIi =
Average value for the stressor variable in spring of interest

Average value of the variable in the region (or country)
(1)

Table 6. Calculation of vulnerability index of Mathamali spring in Uttarakhand, India.

Stressor Variable Measured Quantity of Stressor Variable and Units
Average Value of the

Stressor Variable in the
Spring of Interest

Average Value of the
Variable in the Region

Vulnerability
Index

Precipitation Decline in annual precipitation, mm/year 8.22 1.28 6.4

Decline in seasonal precipitation, mm/year 6.804 1.20 5.7

LULC Decadal increase in barren (fallow) area, percentage 10 28 0.4

Human population Average annual exponential growth rate, % per year 1.77 1.71 1.0

Livestock population Increase in livestock population between two
censuses, percentage −6.70 −3.30 −2.0

Aggregated vulnerability index 11.5

Normalized aggregated vulnerability index 2.3

The negative sign indicates that the effect of the stressor is in the opposite direction compared to other stressors. For example, a decrease in
the livestock population moves the VI further to less than 1 (in the negative direction).

The vulnerability index of 2.3 in the limited case study indicates that the combined
effect of the stressors is to decrease the water availability and deteriorate the water quality
of freshwater from Mathamali spring in Uttarakhand. The effect of the decrease in precipi-
tation is the dominant stressor (VIi >> 1) affecting the decline in discharge of Mathamali
spring, which, to a small degree, is mitigated by the decrease in the livestock population
(VIi < 0 and absolute value of VIi > 1), both in the region and locally. The increase in barren
land in the vicinity of Mathamali spring lowers the vulnerability of Mathamali spring
(VIi < 1) when compared to springs in the larger geographical extent of Uttarakhand State
but still affects the decline in discharge, but to a lesser extent compared to other springs in
the larger geographical extent. The estimation of a single quantity (VI) for vulnerability
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is a useful metric for comparing springs and clusters of springs within a region to help
prioritize spring rejuvenation efforts in a region.

The impact of the stressors on Mathamali spring is a possible decrease in lean season
flow, reported as dependable flow. Discharge at Mathamali spring has been recorded at
hourly time intervals and aggregated to daily averages from February 2014 to February
2018 [48]. Similar to other Himalayan springs, there was a general perception in the
community that the spring discharge at Mathamali spring was declining. The spring was
instrumented for continuous discharge monitoring to quantify the state of the spring and
the impact of engineering measures and vegetative measures implemented to capture the
limited precipitation in the soil matrix and improve the recharge to the spring. The 75%
dependable flow showed a gradual increase from 5.7 in 2014 to 13.44 and 19.45 LPM in
the water years of 2015 and 2016, respectively. The increase in dependable flows can be
attributed to recharge interventions, both engineering measures, such as construction of
a gabion check dam, multiple contour trenches, and a few artificial ponds (khals), and
vegetative measures of tree, shrub, and grass planting, implemented since 2010–2011
by Garhwal Vikas Kendra in the recharge area of Mathamali spring (as reported in the
Himmothan Society annual report 2010-11, accessed on http://www.himmotthan.org/,
accessed on 9 June 2021).

This limited causal chain can be improved by including more stressors as information
is made available, resulting in a more complex analysis of the vulnerability of Mathamali
spring (Figure 5). The responses to changes in the ‘state’ of the spring are indicated in
the causal chain by arrows leading away from the ‘state’ of the spring. For example,
the response to declining flows is structural and vegetative measures in the springshed
recharge area. The effectiveness of this response may be affected by the fragmentation
of landholdings. Smaller landholdings will require the mobilization of a larger number
of persons to adopt land management practices in their land parcels to help improve
discharge in the springs. Declining water quality in springs is largely due to development
activities in the vicinity of the spring, and the appropriate response will be better waste
management and proper planning for future development in the region.

Figure 5. Vulnerability analysis of Mathamali spring, India.
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5. Limitations in the Proposed Methodology

The main aim of this study was to propose a conceptual framework to represent the
vulnerability of springs. The methodology enables the translation of theoretical constructs
into actionable steps (operational procedure) and provides a take-off point for creativity
in the use of indicators for quantifying vulnerability. Some immediate sources of error in
the operational procedure for vulnerability analysis are presented in this section. First, the
choice of stressors was conducted by deductive reasoning and constrained by the availabil-
ity of easily accessible data. A suggested approach would be the use of regression models
to establish the relationship between the state and stressors [49]. Second, constant weights
were used in the normalization and aggregation of individual vulnerability indices. A
correct choice of weights that reflects the correct interrelationship between the vulnerability
stressors and the state of the spring is essential [30]. The weights can be improved through
a consultative process of subject matter experts and stakeholders [27]. Thirdly, the present
study demonstrated the use of readily available data (in a data-scarce region such as the
HKH) for rapid assessment of vulnerability. In doing so, uniform time periods for analysis
were not considered and could be a potential source of uncertainty. All datasets, as far
as possible, should be suitably transformed to conduct the comparison of vulnerability
stressors for the same time period (implying the same state of the system at the beginning
of the time period). Fourthly, recent recharge interventions in the springshed comprising
the spring may mitigate the effect of the stressors. This needs to be accounted for in the esti-
mation of vulnerability to identify the springs which need further attention for springshed
development and management. Finally, this study demonstrated an operational procedure
for vulnerability analysis, the usefulness of which needs to be demonstrated in future
work by using the procedure for prioritization of springshed development over a larger
geographical region by enabling a ranking of all springs and clusters of springs within the
region based on vulnerability to the stressors.

6. Conclusions

In this study, an attempt at conceptualizing vulnerability in Himalayan springs was
carried out. First, the stressors (internal/external) affecting the springs were identified
based on a systematic review of previously published research. Then, characteristics of
the springs were identified, and causal links to the stressors were established by way of
measurable quantities. By adopting a systems approach, a framework was then developed
for representing the vulnerability of springs. This framework was demonstrated in the case
study of Mathamali spring in the Western Himalayas. The case study was used to illustrate
the operational procedure for vulnerability analysis. In the case study, vulnerability indices
were computed for individual stressors, which were then aggregated and normalized to
quantify the vulnerability of Mathamali spring. In the limited analysis, the dominant
stressor affecting the vulnerability of Mathamali spring was identified as the decline in
both the southwest monsoon (seasonal) and annual precipitation totals. The impacts and
responses were synthesized from both the literature and expert knowledge.

The conceptual framework is a useful theoretical construct for enabling policymakers
and project managers to follow a structured process for arriving at decisions concerning
judicious use of resources towards a targeted springshed management of springs that
are most vulnerable to biophysical and socio-economic stressors. This framework fur-
ther addresses the pressing need for the synthesis of existing research findings related to
Himalayan springs to extract information useful for decision-makers by capturing, visual-
izing, and organizing connections of a complex system through the conceptual framework.
This study hopes to bridge the gap between the supply and demand of such useful informa-
tion. With the impacts of stressors on springs becoming increasingly visible, identification
of springs and clusters of springs requiring immediate attention has become necessary
for efficient utilization of resources. The synthesis of stressors, identification of measur-
able indicators, and the conceptualization of vulnerability promote convergence towards
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an evidence-based decision support system for rejuvenation and better management of
Himalayan springs.
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Abstract: This study investigated the Water-Energy relationship in the Nile River Basin under
changing climate conditions using an energy and water model. Climate change will likely affect both
water and energy resources, which will create challenges for future planning and decision making,
particularly considering the uncertainty surrounding the direction and magnitude of such effects.
According to the assessment model, when countries depend heavily on hydropower for energy,
power generation is determined by climate variability. For example, Ethiopia, Egypt, and Sudan are
more hydropower-dependent than Burundi or Rwanda. As a result, the trading relationships and
economic gains of these countries shift according to climate variability. Among 18 climate scenarios,
four demonstrate a change in climate and runoff. Under these scenarios, trading partnerships and
economic gains will favor Ethiopia and Egypt instead of Sudan and Egypt. This study examines the
extent of potential climate challenges, their effects on the Nile River Basin, and recommends several
solutions for environmental planners and decision makers. Although the proposed model has the
novel ability of conducting scientific analyses with limited data, this research is still limited by data
accessibility. Finally, the study will contribute to the literature on the climate chamber effects on
regional and international trade.

Keywords: water model; energy model; climate scenario; Nile River Basin

1. Introduction

Water-Energy models are regularly updated to incorporate new developments; thus,
they often vary in their technological requirements, data specifications, and computing
capabilities. Many Water-Energy models cannot be applied to developing countries because
data, high-computational demands, and skill requirements cannot be used to their full extent.
This is because most models are developed in industrial countries and designed to match
their technological development. Moreover, most energy models are not appropriate for
developing countries because of the models’ requirements, functions, and objectives [1,2]. For
example, Nakata [1] examined models related to the energy environment, and Pandey [2]
highlighted the importance of integrating the unique features of developing countries
into the design and development of Water-Energy models. Furthermore, the data gap is
a critical challenge for developing countries because it limits scenario discovery, hinders
technological advances, and derails the impacts of policy analysis [3].

In light of these challenges, we developed a model to assess the Water-Energy relation-
ship in the Nile River Basin that captures its unique riparian characteristics and conditions,
including the informal energy sector, income and consumption, centralized market and
supply options, and changing temporal patterns. As well as an integrative approach, the
proposed accounting framework also emphasizes scenario discovery with limited data and
fosters a data exchange between models until convergence is reached. Thus, the aim of this
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study is to apply this tailored Water-Energy model to the Nile River Basin to investigate
the regional effect of climate change on water and energy resources.

Literature Review

Strong links have long been recognized between water-resource and energy systems
because water is essential to energy production. As of 2016, the energy sector accounted
for approximately 15% of all fresh water use worldwide [4]. For the majority of developing
nations in Africa, where hydropower is the principal source of energy, water and energy
cannot be viewed separately. However, decision makers and policy makers had, until
recently, overlooked the strong interdependence of these sectors, which has often led
to situations where resources were either underused or exploited in a non-sustainable
manner [5]. Thus, with growing demands for water in the food and industry sectors, as
well as ever-increasing energy demands, an integrated assessment of the Water-Energy
nexus has become even more relevant when evaluating alternatives for better decision
making and management.

Climate change will likely affect both water and energy resources, which will create
challenges for future planning, particularly considering the uncertainty surrounding the
direction and magnitude of such effects. Rising temperatures will likely lead to an increased
demand for irrigation due to increased evapotranspiration [6]. This additional need to meet
the potential evapotranspiration (PET) demand or address additional evaporation losses
will affect water allocation, with hydropower particularly vulnerable to a drier future [7].
Thus, a more inclusive analysis is required to evaluate future water and energy risks under
a changing climate and assess the resiliency of a given Water-Energy system to resource
variability and other competing demands.

Energy system models are important tools for analyzing future energy supply and
demand at the national, state, and regional level under certain assumptions, such as de-
velopmental scenarios, electricity prices, availability, and energy-generation capacity [8].
Historically, energy accounting has been one of the key pillars of energy system studies, as
it provides insight into the overall balance of an energy system [9]. Accordingly, Hoffman
and Wood [10] recommended the energy-accounting approach as an essential framework
for energy system research. Long-range Energy Alternative Planning (LEAP) is an ex-
tension of this approach, which addresses the recommendations of subsequent studies.
However, the reference energy system (RES) is a natural outcome of the energy balance
system [11]. RES audits all existing events across an energy supply chain by considering its
technological level, scope, and features. The method developed by Hoffman and Wood [10]
helps incorporate current and future technological options to enable the system to perform
analyses. Following RES development and calibration, linear programming was developed
to expand further and integrate the model. Subsequently, a model known as Brookhaven
Energy System Optimization (BESOM) was developed for the purpose of resource alloca-
tion [12]. After linear programming and the development of BESOM, various models were
developed and human abilities were increased, enabling the analysis of economic linkages
through input–output analysis at national and regional levels. Historically, BESOM has
served as a basis for many other model developments and derivatives [13].

Energy models have been categorized into three types based on the model approach:
top-down, bottom-up, and hybrid [14–19]. Each type of model has a different aim. The
bottom-up approach begins by describing the technologies for supply and demand; top-
down models start by explaining the relationship among several components at the macro-
economic level; and hybrid approaches attempt to combine features of these two models.
Various efforts have been made to integrate the bottom-up and top-down approaches into a
hybrid model [16,17]. Typically, the top-down approach is more applicable to econometric,
input–output, and general equilibrium features. The programing techniques (linear, nonlin-
ear, mixed-integer, and neural theories) also describe the top-down approach. Conversely,
bottom-up models are more applicable to optimization and simulation. Previous studies
have also attempted to categorize models based on functionality [16,17].
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Energy models have also been reviewed and evaluated based on their scope: from
individual projects to multifaceted and global systems and from long-term to standalone
projects [20–22]. Long-term models also pursue either a top-down, bottom-up, or hybrid
approach. However, long-term models must adapt to long-term changes and have their
parameters updated accordingly [17,23–25]. To that end, the long-term model embraces
a system-wide approach. Major long-term bottom-up models include the Energy Flow
Optimization Model (EFOM) and MARKAL [26]. EFOM, which was developed under the
authorization of the European Commission, is a bottom-up engineering-oriented model
designed to support regional energy strategies and policies [27]. MARKAL is, along with
TIMES, a successful derivative of BESOM used by the European Commission to simulate
the energy–environment system at the global, European, national, and community levels.
The input data can easily tailor the model, which can capture energy supply-and-demand
evolution for up to 100 years [28,29]. MESSAGE, which was later enhanced into MESSAGE
I and MESSAGE II, is also considered to be an early generation of an optimization model.
Previously, the World Energy Council and the Intergovernmental Panel on Climate Change
used MESSAGE to develop energy transition pathways and greenhouse gas emission
scenarios, respectively [30,31]. The Open-Source Energy Modeling System (OSeMOSYS)
also belongs to the class of early bottom-up models [32].

In the 1990s, bottom-up models flourished, particularly with development of the
Prospective Outlook on Long-term Energy Systems (POLES), World Energy Model (WEM),
PRIMES, and LEAP. PRIMES can be modular [33] and is strongly linked to the generation
of the PROMETHEUS mode. LEAP is essentially a simulation-model framework with
minor input data requirements, and combines a top-down demand with a bottom-up
supply [22,34]. AURORAxmp [35], EPI [36], CYME EATON [37], DER-CAM Distributed
Energy Resources Customer Adoption Model [38], EMPS [39], Enertile [40], ENTIGRIS
(Energy System Models at Fraunhofer ISE0 [41], ETSAP-TIAM [26], and PLEXOS (Energy
Exemplar) [42] are all categorized as bottom-up models. PLEXOS, which was later extended
to MOSEK and Xpress-MP, was developed as a linear and mixed-integer model. PLEXOS
develops scenarios to capture regional markers and prices to perform market design
and analysis with hydrological, thermal, and transmission features. AURORAxmp was
designed to examine hydropower generation and load volatility under uncertain conditions.
Likewise, in the 1980s, an expanded version of a top-down model was developed, called
Phoenix, an extension of the general equilibrium model (GEM). Following its development,
top-down models became prevalent, including the General Equilibrium Environmental
Model (GREEN), MARKAL, GEM-E3, and EPPA [43–49]. Under the approval of the
Secretariat of the Organization for Economic Cooperation and Development (OECD),
GREEN has become a global model to evaluate the impact of economic activities on
abating CO2 emissions [50]. MARKAL was adapted to a top-down model to create both
MARKAL–MACRO [51] and MARKAL–EPPA [45]. Hybrid energy models also include
RETScreen [52], Natural Resources Canada [53], POLES [54], MESSAGE [55], LEAP [56],
GCAM (Joint Global Change Research Institute) [57], and ETM [58].

In dealing with uncertainties, a stochastic approach is more desirable compared to a
deterministic approach, which must be calibrated several times by changing input similar
to that of Monte Carlo. This approach works like MARKAL’s version of stochastic [59]
and MESSAGE’s stochastic [60]. Rigorous stochastic models for Water-Energy nexus
systems have recently been developed, and they are considered vital for their meticulous
results [61]. Concerning deterministic model studies, the supply side of the water nexus
gets less attention given its optimization uncertainties [62]. One model was employed in a
study of a transboundary water nexus (Albrecht et al., 2018) and more recently one was
used in an analysis of the nexus in the Mekong river basin [63].

Some previous energy models have been developed and refined from case studies
and experiments. For example, Welsch [20] further refined the open-source OSeMOSYS
toolkit and TIMES—PLEXOS model to investigate the Irish energy system; Poncelet [64]
employed TIMES to investigate the Belgium energy system; Haydt [65] also employed
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LEAP, MARKAL/TIMES, and EnergyPLAN to investigate the Atlantic Ocean energy
system in the Atlantic Ocean for the Azores; and Jaehnert and Doorman [66] combined
EMPS and IRIE to understand the energy balance between input-out energy systems.

Furthermore, numerous tools have been suggested to improve decision making related
to water resource management. For example, Mysiak et al. [67] proposed the integration of
hydrological tools, and Rees et al. [68] developed a water balance model that calculates
the balance between water supply and demand. Moreover, Li et al. [69] proposed a water
resource management model that, under uncertain conditions, is expected to help decision
makers identify and develop a response system for uncertain resource challenges. Another
model developed by Van Cauwenbergh et al. [70] prioritizes water resource planning and
management according to the requirements of environment and socioeconomic develop-
ment. A fuzzy-set mathematical theory has also been proposed and recommended by
researchers to address water resource management challenges through a robust decision-
making process [71,72]. The Water Evaluation and Planning (WEAP) model developed
by the Stockholm Environmental Institute (SEI) has been used to evaluate various water
resource planning and management alternatives [73,74]. WEAP allocates water according
to user-developed criteria, and the primary use of this model is for scenario development,
through which it answers various “what if” questions pertaining to the demand and supply
of water [75,76].

Most importantly, the stochastic models have shown superiority in providing long-
term analysis of uncertainty and in helping grasp natural behaviors [77]. Harold Edwin
Hurst, who studied the Nile River for about 60 years, observed that the time series of
the river’s annual flow displays statistical behaviors that do not fit into a series of simply
random variation; instead, their tendency to occur in natural events are higher, of which
these characteristics are known as Hurst Phenomena or Long–term Persistence (LTP) [78,79].
Scientists have used these extended time horizon research methods to study ensembles
of synthetic hydrologic conditions that take annual, seasonal and decadal variability into
consideration, including studies of the Boeoticos Kephisos Basin in Greece [80], the Nile
River Basin in Africa [81], and documented the presence of LTP in precipitation [82],
runoff [83], temperature [84] and in the hydrological cycle [85].

In conclusion, different energy models are applied according to their approach and tech-
niques. Among the bottom-up energy models, OSeMOSYS [20,86] the Integrated MARKAL–
EFOM System (TIMES) [26,27], and LEAP [21,74] have all been widely applied. Equally,
water planners commonly employ the WEAP system [48,51,75], and RiverWare [87,88] as
water system analysis modeling tools. In most cases, these two categories of models are
applied separately using the energy model’s output as the input to the water model and
vice versa. Presently, the development of comprehensive models that consider both energy
and water and model their systemic interactions is very limited. Of the few studies that
have demonstrated this interaction, one describes an integrated approach using a water
system in WEAP and an energy model in LEAP in Sacramento, California, [89] and one that
took a climate, land use, energy, and water systems (CLEWs) approach, which involved a
more comprehensive module-based approach where data were exchanged between the
sectoral models in an iterative fashion [90].

Most existing energy system models are in an early stage of integrating energy and
water, and lack temporal representation. Therefore, this study presents an integrated water
and energy system model that captures the links between these sectors. A regional power
integration energy model and a basin-wide water resource system model are coupled and
simulated together to investigate how future climate change might impact the generating
capacity of existing and future planned hydropower plants in the Nile River Basin, as well
as the dynamics of trade between plants in the region. The main feature of this framework
is the use of an iterative approach to exchange data between the models until convergence
is established in the linked components. The model is applied to regional trade in the
countries of the Nile River Basin under the Eastern Africa Power Pool (EAPP) and the
future development scenario of the Program for Infrastructure Development in Africa
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(PIDA) [91]. The impact of climate change is categorized and evaluated for scenarios of
an unconstrained scenario, with unrestricted emissions of greenhouse gases and a future
scenario, in which a restriction policy is imposed to limit emissions to a certain level,
referred to as level one stabilization. These two scenarios reveal the possible advantages
that could be achieved under a policy of adaptation.

2. Methods

A key element of the coupled Water-Energy modeling approach presented in this
study involves simulating both the water system (to estimate hydropower generation
constrained by water availability) and the energy system, applying feedback loops between
the two models until equilibrium is achieved between hydropower generated from the
water model and hydroelectric energy used in the energy model on a national level. To
analyze the impact of climate change, the hydrologic model was simulated to estimate
runoff corresponding to different climate scenarios (characterized by different changes in
temperature and precipitation) to establish water availability for the water system model.
Then, the coupled Water-Energy system was simulated for each climate change scenario.
This configuration considers energy demands according to both water availability and
energy cost after the energy mix is identified.

2.1. Energy and Water System Models

2.1.1. Energy Model

The energy system was modeled using the Regional Integration and Planning Assess-
ment (RIPA) tool [8,24], configured in the General Algebraic Modeling System (GAMS)
mathematical programming language [92,93]. RIPA is a bottom-up, dynamic, multiyear
optimization program that makes use of mixed-integer programming (MIP) techniques
to solve the optimal mix of generation and transmission by minimizing all discounted
investment and operating costs while meeting the demands for different specified energy
sources over the planning period. One of the inputs of RIPA is the generation technology
and corresponding monthly available capacity over the simulation period. Monthly hy-
dropower generation is one of the renewable energy inputs to the model that serves as
the upper boundary of the maximum available resource from hydropower when solving
for the country-level energy balance. After the optimal mix of generation is solved, the
amount of energy not utilized in any of the technologies is reported as a “spill”, together
with the shadow prices obtained for the bounding constraints in the MIP optimization.

2.1.2. Water Model

The water resource system model simulates water allocation and hydropower genera-
tion from available resources by solving different Linear Programming (LP) problems that
are defined iteratively at each time step in monthly intervals [94,95]. These problems are
determined based on the priorities and nature of water and power demand and stream
flow requirements. Hydropower generation is calculated from the flow passing through
the turbine having a maximum capacity to fulfill the specified monthly energy demand.
Hydropower generation is constrained by the available water in the system and the priority
assigned to the demand. The model reports the total energy generation from each plant
and the power deficit, i.e., the difference between the specified monthly energy demand
and generation.

2.2. Formulation of Model Coupling

Although water and energy production/use can be interlinked in several ways, this
study explored only hydropower generation and demand. The primary objective was
to minimize spillage from the energy model and shift excess energy to other months in
the same year by storing water. Initially, hydropower estimation was based on estimates
of the country-level target demand. For storage hydropower plants, the initial estimates
were taken from the average generation, whereas for existing hydropower plants, a rough
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approximation was calculated as a percentage of the planned installed capacity for future
infrastructure. For run-of-river hydropower plants, the maximum generating capacity was
taken as the power target for each month. As their storage capacity is small or nonexistent,
they are configured for maximum potential generation based on the available water in
the system. However, the generation capacity for storage reservoirs can be constrained
by water availability, priority demands for water that are higher than the level of energy
generation, and reservoir rule curves used in addition to the specified demand. The
information exchange between the water and energy system models and an example of
model interaction are shown in Figure 1.

𝐸𝑛𝑒𝑟𝑔𝑦 𝐷𝑒𝑚𝑎𝑛𝑑 ,  =
𝐻𝑦𝑑𝑟𝑜𝑆ℎ𝑎𝑟𝑒 ∗ 𝐻𝑦𝑑𝑟𝑜 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 ∑ 𝐻𝑦𝑑𝑟𝑜𝑝𝑜𝑤𝑒𝑟 𝑆ℎ𝑎𝑟𝑒 𝑖𝑛 𝐸𝑛𝑒𝑟𝑔𝑦 𝑚𝑖𝑥

Figure 1. Schematic showing the Water-Energy interaction and climate modules. RIPA = Regional Integration and Planning
Assessment tool.

An initial simulation of the water system was conducted to estimate the monthly
energy demand at the plant level, which produces a time series of the monthly generated
power. This power generation is then aggregated by country and used as an input in the en-
ergy system model to determine the optimum mix of energy for each sector and the unused
energy “spill”. From the energy mix, the hydropower outputs are then disaggregated back
to the plant-level generation based on the ratio of the total generated energy determined
from the water model to the energy demand determined for each plant, which is used for
the next iteration, given in Equation (1). This ensures that the amount of generation from
the water model is fully used in the energy mix.

Energy Demand plant,year =

HydroSharecountry ∗
Hydro Generation plant

∑country Hydropower Share in Energy mix

(1)

The spills represent an extra level of generation capacity in the water system but which
cannot be used in the energy mix at a particular time step due to other constraints and costs
in the energy system. This excess capacity is distributed back to the hydropower plants and
annually added to the existing required demand from plants based on the proportion of
the deficit, given in Equation (2). This is a simplification that assumes a linear relationship
between total country-level generation and generation from each hydropower plant in
all time steps. In an actual case, where hydropower is highly nonlinear, this assumption
in particular might be less efficient for a cascading hydropower system sharing the same
river system. Then, this annual capacity is disaggregated to the monthly level based on the
shadow prices. The idea behind this assumption is to give priority to months based on the
relative value they will add to minimizing the cost while determining the energy mix. The
shadow prices corresponding to maximum hydropower constraints in the energy model
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are given by Equation (3). The reason for distributing the excess demand on an annual
basis is the assumption that the reservoir storage exhibits annual cycles.

Demand AdditionalAnnual,plant = SpillAnnual,country ∗
1 − de f icitplant

∑c Annual De f icit Plant
(2)

∑
l

vProductionhsc,c,y,m,l,h ∗ pYearSplitl,m ≤ pHydroUpperLimitc,h,hsc,m (3)

The newly identified energy demands present a different water allocation scenario,
which changes the water distribution and energy generation in the water system model
and in extreme cases may affect generation in all plants. Therefore, the above step is
executed iteratively to achieve equilibrium until either the total spill is zero or the amount
of hydroelectricity utilized in the energy model converges to hydropower generation in the
water system model.

The new established equilibrium does not necessarily represent an optimal configu-
ration of hydropower generation for the water resource model. The distribution of spill
based on shadow prices assures the optimal allocation of the spilled portion of demand;
however, as the water model only explores the optimal allocation of resources for a time
step, this does not guarantee optimal allocation over an entire year. However, given the
limitation of the water model, a partial optimal point can be achieved that considers both
the water availability and energy cost.

2.3. Climate Scenarios

The projections of changes in precipitation and temperature were derived from the
hybrid frequency distributions (HFDs) of Schlosser et al. [96]. These are regionally down-
scaled model scenarios in the form of numerical hybridizations of 400 policy ensembles
from the Massachusetts Institute of Technology (MIT) Integrated Global System Model
(IGSM) [97,98] that correspond to 17 IPCC AR4 climate model results. The result is a
meta-ensemble of climate change projections containing 6800 distinct members for possible
adaptation. The MIT IGSM framework uses emission predictions and economic outputs
from the MIT emission prediction and policy analysis model and earth system modeling
predictions from the IGSM to drive a land system component, a crop model (CliCrop), and
a water resource system model.

The HFD datasets characterize possible future climate outcomes, incorporating uncer-
tainties in the structural differences of climate models, downscaling, and possible emission
scenarios, as represented by different adopted policies. The two adopted policy scenarios
corresponding to a restriction of global emissions of greenhouse gases to a concentration of
560 ppm CO2 equivalent are referred to as level 1 stabilization (L1S) and unconstrained
emissions. The scenario where no policy is adopted to constrain greenhouse gas emissions
was considered in this assessment to compare the reduced level of impact as a result of
policy adoption. The climate shocks were superimposed over historical reference case pre-
cipitation and temperature data obtained from the Climatic Research Unit (CRU) [99–102]
to form climate scenarios.

Catchment runoff was simulated and hydrologic responses were characterized corre-
sponding to the precipitation and temperature changes in each scenario using a conceptual
hydrologic model called NAM (from the Danish Nedbør-Afstrømnings model). NAM is
a deterministic, lumped, and conceptual rainfall–runoff model originally developed by
the Institute of Hydrodynamics and Hydraulic Engineering at the Technical University of
Denmark [103]. Climate change also affects irrigation water demand; thus, changes in the
irrigation demand as a result of rising temperature were estimated for the scenarios.

3. Application of the Model to the Nile River Basin

We applied the integrated Water-Energy model to study the interactions between
water and energy in the Nile River Basin, to assess the potential impact of climate change
on the existing and future energy supply of countries within the basin, and to determine
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how the electricity trade between countries might be affected by these changes over the
period of 2010–2035, in monthly time intervals.

Hydropower is one of the principal sources of renewable energy in the Nile River
Basin, where there is enormous opportunity for future development due to its highly
underdeveloped nature. Climate-induced changes in the hydropower generating capacity
will affect the existing and future dynamics of power trade among countries in the Nile
River Basin. Although there is currently very limited cross-border electricity trading,
several projects are in the pipeline, such as the Ethiopia Power Trade Project, the Nile
Equatorial Lakes Interconnector Project, and the Regional Rusumo Falls Hydroelectric
and Multipurpose Project (Figure 2); thus, hydropower generation will soon represent the
dominant energy share in the basin, with increased levels of regional trade [104,105].

Figure 2. Planned and existing hydropower plants and regional interconnection links in the Nile
River Basin (source: State of the Nile River Basin 2012, Nile Basin Initiative).

Hydropower generation was modeled on a monthly time step for existing and future
hydropower facilities in the basin for a given level of initial estimates of the country-level
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target demand. The energy demand for future plans was estimated as rough approxima-
tions obtained from either the project document or a percentage of the planned installed
capacity of the plant. For run-of-river hydropower plants, the maximum generating capac-
ity was taken as the power target for each month.

Hydropower plants that are located outside the Nile River Basin but contribute to
country generation were considered to have a fixed generating capacity that did not vary
with climate change. Although this was only an approximation used to simplify our
analysis by limiting the hydrologic and water resource system analysis within the basin,
the contribution from outside basins was proportionally small; thus, this simplification is
unlikely to incur considerable error.

The existing capacity expansions and additional infrastructure expected to be built in
the Nile River system were adopted from the PIDA development plan [91]. The level of
capacity for all countries at five-year intervals is summarized [106,107] in Table 1. Djibouti
is not within the Nile River system but it will be in the power grid; therefore, it was
included in the energy model. The total installed capacity for the water model by the end of
2035 is approximately 24 TW, and the distribution is shown in Table 1. A study conducted
by the Nile Basin Initiative (NBI) [108] indicated basin-wide power development options
and trade opportunities. According to that study, the total energy demand in the Nile
River Basin countries is expected to increase from 184 TWh in 2010 to 1170 TWh by 2035,
representing an increase of 300% or more from current demand.

Table 1. Hydropower installed capacity for Nile River Basin countries (both within and outside the geographical extent of
the Nile River Basin).

Year Burundi Djibouti Egypt Ethiopia Kenya Rwanda Sudan Tanzania Uganda

2010–2015 37 0 2250 1070 733 77 1727 561 830
2015–2020 103 0 2275 6182 733 148 1841 598 1660
2021–2025 103 0 2282 9677 733 225 2665 623 2444
2025–2030 103 0 2282 13,862 733 278 3301 623 2501
2030–2035 97 0 2282 13,862 733 278 3597 623 2501

4. Results

The results of hydropower contributions over the simulation period are shown for
each country in Figure 3. We can see significant changes in hydropower penetration across
different climate scenarios for Ethiopia, Egypt, and Sudan. For Burundi and Rwanda,
hydropower generation comes from outside the basin; therefore, it is assumed to be fixed
across climate scenarios. For the remaining countries, hydropower comes from run-of- river
plants and generally increases as a result of the higher runoff expected in the majority of
climate scenarios; however, the slight fluctuations caused by climate change are smoothed
out in the energy model, indicating that all generated power will be used to the highest
potential. The mix of energy results indicates that hydropower will continue to dominate
the system power supply; examples for three selected countries are shown in Figure 4. The
differences between observed and simulated value from 2015 to 2020 are negligible; the
observed hydropower generation for each country resembled the corresponding simulated
pattern as demonstrated in Figure 3.
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Figure 3. Annual hydropower energy production results Gigawatt hours (GWh) by country over the
simulation period for selected climate change scenarios.

 

 

(a) (b) 

 

 

(c)  

Figure 4. Energy mix trends over the simulation period for (a) Egypt, (b) Sudan, and (c) Tanzania.

The electricity trade results for the reference scenarios of the current (average for
2010–2014) and future (average for 2031–2035) conditions are shown in Figure 5. The
results indicate that regional trade will grow stronger. Given the scenario assumption in
the model, the highest degree of hydropower trade under conditions of no climate change
is expected between Sudan and Egypt, and additional dams planned for the lower part
of the Nile in Sudan will help meet Egypt’s electricity demand and take preference over
upstream dams (also see Figure 3).
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(a) (b) 

Figure 5. Total energy trade in Terawatt hours (TWh) among countries for the (a) current (2010–2014) and (b) future
(2031–2035) reference case scenarios with no climate change.

One notable result of this study is that climate change is predicted to alter trade
relationships. In some climate change scenarios, trade dynamics exhibit a complete shift,
whereas other scenarios lead to either a reduced or increased level of trade. The manner in
which trade evolves under the selected 18 climate change scenarios is shown in Figure 6
for the five major regional trade relationships. Four of the 18 scenarios exhibit a change
from the reference case with the highest level of trade shifting from Egypt–Sudan to Egypt–
Ethiopia. Furthermore, in five of the 18 scenarios, trade between Ethiopia and Sudan will
no longer have an economic advantage. Four of the 18 scenarios represent a stringent
change in climate, which translates into a change in runoff. Under these conditions, Sudan
may not build the planned dam adjacent to Egypt; instead, the Ethiopian highland may
be preferable for large storage and dam construction due to its high altitude and low
evaporation [109]. As a result, the electricity/energy-trading partnership is predicted
to shift from Egypt–Sudan to Egypt–Ethiopia. In summary, trading relationships and
economic gains will change under climate variability, and these must be considered to
ensure an integrated and comprehensive regional response to mitigating the risk of future
climate impacts.
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5. Conclusions

This study proposed a framework for the integrated assessment of energy and water
that captures the links among these sectors. This framework was applied to countries in
the Nile River Basin to evaluate how energy will evolve under various climate change
scenarios. The results indicated that, for selected scenarios, both the generating capacity
and energy trade among countries could be significantly altered. Moreover, due to rapid
economic growth in these countries, the demand for energy and water will continue to rise,
stressing the shared river basin even more. Hydropower will continue to represent a major
proportion of the energy supply in the Nile River Basin region; therefore, the integrated
assessment of the energy and water nexus will be an essential component of planning for
future development interventions and policy formulation.

The effects of climate change on the river system are critical and far-reaching. Coun-
tries where power generation depends heavily on hydroelectricity are highly vulnerable
to climate variability. For example, the power generation capabilities of Egypt, Ethiopia,
and Sudan fluctuate under climate variability; hence, their development is less sustainable.
Moreover, energy trading plays a critical role in fostering cooperation and partnerships
among the Nile basin countries. A change in climate could hamper trading relationships
unless the countries develop a common framework to mitigate the adverse effects of climate
change. A shift in trading partners and economic advantages from one country to another
caused by climate change on shared water resources could also derail cooperation and lead
to conflict and violence.

Water-Energy resources are an integrated part of sustainable development worldwide;
however, growing climate variability on interannual to longer timescales will have an
enormous effect on socioeconomic development, requiring adaptation on an individual,
community, and national scale [110]. Energy is a crucial driving force for economic de-
velopment as it fosters growth and transformation. Due to climate change uncertainties,
governance of the Water-Energy system for greater economic benefits and regional cooper-
ation becomes complicated and is compound by data limitations, which can impede robust
analysis and assessment. The simple tailored model presented in this study provides a
novel explanation for the Water-Energy governance strategy for a situation with limited
data, thereby assisting policymakers and water resource planners in making decisions for
the benefit of society and the economy. The proposed model is applicable to cases where
the availability of complete and comprehensive data is inadequate.

A Water-Energy governance system that addresses climate variability and improved
climate resilience are essential steps for reducing and managing future climate impacts.
The proposed framework, which uses limited data through a tailored approach, can be
used to undertake comprehensive and scientific analysis to inform policymakers about
the dynamics of the Water-Energy governance system, including hydropower generation
and allocation and future climate conditions to help water resource planners design and
implement the necessary adaptations. Incorporating the findings of this assessment frame-
work into both national and regional strategies can enhance the sustainable development
of water and energy resources and foster trading partners and economic advantages. The
Water-Energy analysis employed in this study can serve as a governance system for climate
variability and risk management in cases with limited data to foster regional socioeconomic
growth, increase resilience to climate vulnerability and variability, and enhance economic
growth and cooperation at the policy and technical level.

Limitations were attributed to incomplete and inadequate data for verification and
calibrations of the model to satisfy its minimum data requirements. The challenges were
addressed through proxies and approximation techniques. The mode’s flexibility is its core
chrematistics of strength, and in terms of testing the model for a wide range of alternative
scenarios is its limitation.

This analysis is carried out on foresight hydrological conditions. However, to account
for different scales of variability, future studies should consider a wide range of synthetic
hydrologic conditions that examine scenarios of annual, seasonal and decadal variability
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over a more extended time to project the future climate of the Nile River basin and elucidate
variations in water resources.
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Abstract: Traditional drought monitoring is based on observed data from both meteorological and
hydrological stations. Due to the scarcity of station observation data, it is difficult to obtain accurate
drought distribution characteristics, and also tedious to replicate the large-scale information of
drought. Thus, Gravity Recovery and Climate Experiment (GRACE) data are utilized in monitoring
and characterizing regional droughts where ground station data is limited. In this study, we analyzed
and assessed the drought characteristics utilizing the GRACE Groundwater Drought Index (GGDI)
over four major river basins in India during the period of 2003–2016. The spatial distribution,
temporal evolution of drought, and trend characteristics were analyzed using GGDI. Then, the
relationship between GGDI and climate factors were evaluated by the method of wavelet coherence.
The results indicate the following points: GRACE’s quantitative results were consistent and robust
for drought assessment; out of the four basins, severe drought was noticed in the Cauvery river
basin between 2012 and 2015, with severity of −27 and duration of 42 months; other than Godavari
river basin, the remaining three basins displayed significant negative trends at monthly and seasonal
scales; the wavelet coherence method revealed that climate factors had a substantial effect on GGDI,
and the impact of Southern Oscillation Index (SOI) on drought was significantly high, followed
by Sea Surface Temperature (SST) Index (namely, NINO3.4) and Multivariate El Niño–Southern
Oscillation Index (MEI) in all the basins. This study provides reliable and robust quantitative result
of GRACE water storage variations that shares new insights for further drought investigation.

Keywords: GRACE; GGDI; drought; wavelet coherence; teleconnections

1. Introduction

Drought is a dynamic natural phenomenon with high frequency and long duration
characteristics that impact ecosystems and society in many ways [1–3]. Drought is a
common natural disaster that has serious influence on water resources, agriculture, and
socio-economic development due to its long-term persistence and frequent occurrence [4–6].
Thus, effective evaluation and monitoring of droughts are extremely necessary. Monitoring
of traditional drought depends on ground data from meteorological and hydrological
stations. Due to the scarcity of station observation data and the spatial heterogeneity of the
regional environment, it is difficult to obtain accurate drought distribution characteristics,
and also tough to replicate the large-scale information of drought [7].

To precisely monitor and assess drought characteristics, researchers have developed
various drought indices such as the Palmer Drought Severity Index (PDSI) [8], Standard-
ized Precipitation Index (SPI) [9], Standardized Precipitation Evapotranspiration Index
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(SPEI) [10], and Effective Drought Index (EDI) [11], which can be applied to explore drought
characteristics. PDSI, SPI, and SPEI have been the most widely used drought indices in
recent decades [12,13]. Despite their broad applicability, these indices have their drawbacks
and may not reproduce the conditions of drought accurately [14,15].

The aforementioned drought indices are related to land surface conditions and only
a few indices are interrelated with remote sensing methods. Over the past years, the
capabilities of remote sensing products amplified many folds, assessing the spatial and
temporal variations at local and global scales. Gravity Recovery and Climate Experiment
(GRACE) satellite measures the earth’s gravity field to evaluate water storage changes
globally [16,17]. The GRACE terrestrial water storage (TWS) dataset comprises all forms
of water stored above and below the land surface that constitutes groundwater, surface
water, soil moisture, and snow water equivalent [18,19]. GRACE-based TWS variations are
commonly used in the evaluation of different hydrological assessments such as ground-
water storage changes [20–26], terrestrial water storage variations [27–30], and hydrologic
drought characterization [17,18,31–33].

Recently, many studies have been focused on monitoring and characterizing regional
droughts using GRACE TWS [34–36]. Thomas et al. [32] developed a framework for
assessing drought characterization, focusing on the total water storage deficits using
GRACE TWS. Cao et al. [37] utilized GRACE TWS to develop a total storage deficit index
for China. The Hydrological Drought Index was introduced by Yi and Wen [38] using
GRACE data on the continental United States. The water storage deficit index for drought
quantification was developed by Sinha et al. [18]. Zhao et al. [36] proposed a GRACE-based
global gridded drought severity index named GRACE-DSI. Thomas et al. [39] evaluated
the GRACE Groundwater Drought Index (GGDI) over the central valley of California, a
regional aquifer subjected to significant drought periods and intensive human activities.
Sinha et al. [17], with GRACE TWS and rainfall, developed the combined climatologic
deviation index over India.

Due to large-scale climate variations in India, the spatio-temporal availability of
surface and groundwater is very diverse and affects the agricultural and industrial produc-
tivity of the country [40]. A 2016 drought in India affected 330 million people with a more
than USD 100 billion loss in the economy [41]. From this perspective, for the conservation of
water resources, it is crucial to understand the variations of surface water and groundwater
and its association with the teleconnection in India.

Utilizing the GRACE data, many studies have investigated drought characteristics
throughout the globe. These studies only verified the capabilities of drought using GRACE
data but not the associations between GRACE-based droughts and teleconnection factors.
It is clear from earlier studies that telecommunication factors have a major effect on
drought [42,43]. Many worldwide attempts have been made over past years to establish
the relationship between climate variability and GRACE TWS changes, with most studies
focused on El Niño–Southern Oscillation (ENSO). To evaluate the associations between the
Multivariate ENSO Index (MEI) and GRACE mass anomalies, Phillips et al. [44] utilized
the monthly GRACE TWS. Huang et al. [45] concluded that hydrological drought over the
Columbia River basin was greatly influenced by ENSO and Arctic Oscillation (AO). Over
the entire globe, Ni et al. [46] examined the links between ENSO and GRACE TWS. Vissa
et al. [47] evaluated the relationship between ENSO-induced groundwater changes derived
from GRACE and GLDAS over India. Liu et al. [48] explored the role of teleconnections
over TWS variations within the Asian and eastern European regions. In the same way,
few studies related to linkages between GRACE and teleconnections include Ni et al. [46],
Chen et al. [49], Zhang et al. [50], Ndehedehe et al. [51], Anyah et al. [52], Han et al. [53],
and Wang et al. [54]. Thus, climate variables influence the drought directly or indirectly
that results in detailed investigation between them.

It is worth mentioning that, in India, approximately 50% of the population depends on
agriculture that relies on surface and groundwater resources. As the availability of surface
water is not uniform through space and time, groundwater resources have emerged as the
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primary source for agriculture, domestic application, and industry. Increased water de-
mand contributes to the overexploitation of surface water and groundwater during drought
times. Successful river basin scale drought monitoring is important for water resource
management and drought mitigation plans. Several studies have shown that anthropogenic
activities and climate change have exacerbated drought-related calamities [13,55,56].

To the best of our knowledge, previous studies have focused on the relationship of
several atmospheric variables such as precipitation, temperature, vapor pressure, and
humidity with teleconnections in India [57–60]. Nonetheless, a comprehensive and sys-
tematic analysis between GRACE and teleconnections is vague, particularly for India.
Therefore, this novel study addresses this research gap by exploring the drought situation
over south Indian river basins with GGDI and identifying the linkages between drought
and large-scale climate oscillations during 2003–2016. In the present study, we assessed the
effect of four major climate oscillations, namely, Multivariate ENSO Index (MEI), Southern
Oscillation Index (SOI), Dipole Mode Index (DMI), and NINO3.4 Sea Surface Temperature
(SST) on GGDI over Indian river basins using the GRACE TWS dataset for the period of
2003–2016. The detailed analysis was accomplished over Godavari (GRB), Krishna (KRB),
Pennar and east flowing rivers between Pennar and Cauvery (PCRB), and Cauvery (CRB)
river basins in order to illustrate the linkages between GGDI and climate oscillations. More-
over, gridded monthly and seasonal drought trends were evaluated using the modified
Mann–Kendall (MMK) trend test over four river basins (combined). Seasonal trends were
evaluated for four seasons of India, namely, (i) post-monsoon rabi (PMon-R -January to
March), (ii) pre-monsoon (PMon-April to June), (iii) monsoon (Mon-July to September),
and (iv) post-monsoon kharif (PMon-K-October to December).

The objectives of this study were (1) to determine the changing characteristics of
terrestrial water storage anomaly (TWSA) over South Indian river basins at monthly,
seasonal, and annual timescales; (2) to analyze the spatial distribution and temporal
evolution of drought using GGDI; (3) to evaluate the trend characteristics of GGDI over
South Indian river basins during 2003–2015 with the MMK trend test; and (4) apply wavelet
coherence method to evaluate the relationships between GGDI and climate oscillations.

2. Materials and Methods

2.1. Study Area

India is the seventh largest country in the world, covering 22 major river basins of
which there are 4 river basins, namely, (i) Godavari river basin (GRB), (ii) Krishna river
basin (KRB), (iii) Pennar and east flowing rivers between Pennar and Cauvery (PCRB), and
(iv) Cauvery river basin (CRB), which were all considered for this study (India-WRIS, 2012).
In Figure 1, the study area map is presented; further details regarding the study area can
be found in Kumar et al. [33].

2.2. Data

2.2.1. Gravity Recovery and Climate Experiment (GRACE)

GRACE monthly products are mainly generated by the Jet Propulsion Laboratory
(JPL), Center for Space Research at the University of Texas (CSR), and the German Research
Center for Geosciences (GFZ). In the present study, GRACE monthly mass grids (RL06
mascon solutions) processed at Jet Propulsion Laboratory (JPL) with a spatial resolution
of 0.5 ◦ × 0.5◦ between 2003 and 2016 were used to estimate the terrestrial water stor-
age anomalies (TWSA) (https://grace.jpl.nasa.gov (accessed on 20 March 2021)). The
mascon solutions are associated with the baseline period from January 2004 to December
2009 [33,61]. Moreover, glacial isostatic adjustment (GIA) correction was removed, with no
need for smoothing filter and north-south striping [61]. To fill the missing monthly GRACE
datasets, we adopted the linear interpolation method, which is effective and is extensively
used in handling the missing data [33,62].
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Figure 1. Study region map showing the river basins considered for the study ((1) Godavari river
basin (GRB), (2) Krishna river basin (KRB), (3) Pennar and East flowing rivers between Pennar and
Cauvery (PCRB), and (4) Cauvery river basin (CRB)).

2.2.2. Global Land Data Assimilation System (GLDAS)

In the present study, the latest release of GLDAS Noah model, i.e., NOAH10_M 2.1
products with the spatial resolution of 1 ◦ × 1◦ consistent with GRACE product was
adopted for the period of 2003–2016 and used for the analysis (https://disc.gsfc.nasa.gov/
(accessed on 20 March 2021)). All the datasets were resampled to 1 ◦ × 1◦ using the bilinear
interpolation method, and further analysis was performed in this study.

2.2.3. Meteorological Data

In the present study, gridded precipitation data from the India Meteorological Depart-
ment (IMD) was considered from 2003 to 2016 with a spatial resolution of 0.25 ◦ × 0.25◦ for
the study region [63,64].

2.2.4. Climate Data

Monthly climate oscillations, namely, NINO 3.4, Multivariate ENSO Index (MEI),
Southern Oscillation Index (SOI), and Dipole Mode Index (DMI) for the period of 2003–
2016 were utilized in the study. Monthly SST anomaly data (NINO3.4) were obtained
from http://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/Data/nino34.long.anom.
data (accessed on 20 March 2021). For ENSO, the MEI was selected and obtained from
https://www.esrl.noaa.gov/psd/enso/mei (accessed on 20 March 2021). The SOI data
were obtained from the NOAA Earth System Research Laboratory (https://psl.noaa.gov/
gcos_wgsp/Timeseries/SOI/ (accessed on 20 March 2021)). The Indian Ocean Dipole (IOD)
is measured as DMI due to the dipole mode in the tropical Indian Ocean, and the DMI
data were obtained from http://www.jamstec.go.jp/frcgc/research/d1/iod/DATA/dmi
(accessed on 20 March 2021).
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2.3. Method

2.3.1. Retrieval of Groundwater Storage Change

Terrestrial water storage anomalies (TWSA) were derived from GRACE satellite
observations. The groundwater storage anomalies (GWSA) at any time t are calculated by
subtracting soil moisture storage anomalies (SMSA) and canopy water storage anomalies
(CWSA) from the GRACE-based TWSA.

The soil moisture storage anomaly (SMSA) was calculated for NOAH land surface
model using the following equation:

SMSAt = SMSt − SMS2004−2009 (1)

wre SMSAt = soil moisture anomaly with respect to time t; SMSt = soil moisture at time
t; and SMS2004−2009 = average soil moisture w.r.t at the baseline period from January 2004
to December 2009, the same as that of GRACE terrestrial water storage.

Similarly, the canopy water storage anomaly (CWSA) was calculated for NOAH land
surface model using the following equation:

CWSAt = CWSt − CWS2004−2009 (2)

wre CWSAt = canopy water storage anomaly w.r.t time t; CWSt = canopy water storage
at time t; and CWS2004−2009 = average canopy water storage w.r.t the base line period from
January 2004 to December 2009, same as that of GRACE terrestrial water storage.

The GWSA is calculated as

GWSAt = TWSAt − SMSAt − CWSAt (3)

2.3.2. GRACE Groundwater Drought Index (GGDI)

In the present study, dimensionless GGDI was implemented to examine the drought
characteristics related to groundwater. Firstly, monthly climatology, Ci (climatology for
month i, (i = 1, 2, . . . 12)), was calculated as follows:

Ci =
1
ni

∑
ni

1 GWSAi (4)

where i represents month (i = 1, 2, . . . 12) and n represents number of years. In the
present study, GRACE TWS was considered from 2003 to 2016 with n = 14. The monthly
climatology Ci was calculated for each month individually using groundwater storage
anomalies (GWSA). The effect of seasonality in groundwater storage changes is removed
by using the monthly climatology [39].

Secondly, the monthly climatology was subtracted from GWSA to obtain groundwater
storage deviation (GWSD), which signifies the net deviation in the volume of groundwater
storage on the basis of seasonal variability. Finally, the GWSD was normalized by removing
the mean and divided by standard deviation as follows:

GGDI =
GWSDt − xGWSD

SGWSD
(5)

where xGWSD and SGWSD are the mean and standard deviation of GWSD, respectively.
GGDI is the normalized net deviation in groundwater storage volume; the GGDI classifica-
tion is given in Table 1. For detailed information regarding GGDI, refer to Thomas et al. [39].
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Table 1. Classification of the Gravity Recovery and Climate Experiment (GRACE) Groundwater
Drought Index (GGDI) used in the study (Wang et al., 2020).

Grade Classification GGDI

I No drought −0.5 < GGDI
II Mild drought −1.0 < GGDI ≤ −0.5
III Moderate drought −1.5 < GGDI ≤ −1.0
IV Severe drought −2.0 < GGDI ≤ −1.5
V Extreme drought GGDI ≤ −2.0

The run theory approach is used to determine the characteristics of drought, such as
severity and duration using GGDI. Drought duration (D) is the period of time where the
GGDI remains below the fixed threshold value (threshold value of −0.8). The minimum
duration of drought is considered as 1 month, as the drought event is defined at aggregation
of monthly time scale. Drought severity (S) is the cumulative values of GGDI within the
drought duration.

2.3.3. Standardized Precipitation Evapotranspiration Index (SPEI)

Standardized Precipitation Evapotranspiration Index (SPEI) considers potential evap-
otranspiration (PET) along with precipitation, utilizing all the advantages of SPI. In this
study, SPEI was estimated on a 12-month timescale using the IMD precipitation and tem-
perature datasets from 2003 to 2016. The positive SPEI indicates a wet condition and
negative SPEI indicates a dry condition. The index is reliable and flexible with respect to
space and time in reproducing water deficiencies; therefore, drought characteristics are
well assessed with SPEI at different timescales. The detailed procedure regarding SPEI is
provided in the Supplementary Materials section.

2.3.4. Modified Mann–Kendall (MMK) Trend Test

The traditional nonparametric Mann–Kendall test is the most widely applied trend
test all over the world. However, the persistence of hydrometeorological dataset will
affect the Mann–Kendall test results. Therefore, Hamed and Rao [65] estimated the MMK
test where it can remove the autocorrelation, which is consistent and robust in finding
the trend of a time series [66]. This study implemented the MMK trend test to evaluate
the spatial drought trend characteristics over 4 river basins of south India from 2003 to
2016. The detailed procedure regarding MMK test is provided in the Supplementary
Materials section.

2.3.5. Wavelet Coherence

Within the time-frequency space, wavelet coherence can be used to determine the
relationship between the 2 time series data by estimating the correlation between them that
varies between 0 and 1. In accordance with Torrence and Webster [67] and Grinsted et al. [68],
coefficient of wavelet coherence between the 2 sets of time series data can be denoted as fol-
lows:

R2(s, τ) =

∣

∣S
(

s−1Wxy(s, τ)
)∣

∣

2

S
(

s−1|Wx(s, τ)|2
)

.S
(

s−1
∣

∣Wy(s, τ)
∣

∣

2
) (6)

where R2(s, τ) = coherence coefficient minimum and maximum coherence at 0 and 1,
and Wxy(s, τ) = cross wavelet transforms between two series. Equation (6) resembles the
coefficient of determination equation, and thus the wavelet coherence varies between 0
and 1 [69]. S = smoothing operator represented as given below [70]:

S(W) = Sscale(Stime(W(s, τ))) (7)
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The smoothing along wavelet axis is represented as Sscale and Stime. In the present
study, the wavelet coherence was examined at 5% significance level or at the confidence
interval > 95%.

3. Results

3.1. Changing Characteristics of TWSA over River Basins

Seasonal and annual scale GRACE TWSA analysis was performed over four basins.
The results showed distinct seasonal and annual TWSA characteristics over these river
basins. In the Mon and PMon-K seasons, the GRB showed positive TWSA values, while
negative TWSA values were detected in the PMon season. The positive and negative TWSA
values were shown by the PMon-R season. On annual basis, TWSA displayed a significant
upward trend with the highest values observed in 2013 and 2014. The TWSA in the GRB
tended to decrease from 2003 to 2005, leading to a significant drought between 2003 and
2005, as shown in Figure 2. As seen in Figure 2, except for the year of 2015, the KRB showed
positive TWSA values in the Mon and PMon-K seasons. Except for the PMon-R season in
2011, the PMon and PMon-R seasons displayed negative TWSA values. Annual TWSA
values showed a significant upward and a downward trend of TWSA values and most of
the negative trends were observed between 2003 and 2005, and between 2012 and 2016,
leading to severe droughts.
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Figure 2. Multiscale (seasonal and annual) terrestrial water storage anomaly (TWSA) variations over GRB, KRB, CRB, and
PCRB from 2003 to 2016 (Godavari river basin (GRB), Krishna river basin (KRB), Pennar and east flowing rivers between
Pennar and Cauvery (PCRB), and Cauvery river basin (CRB)).

From Figure 2, the CRB and PCRB exhibited positive and negative TWSA for PMon-K
and PMon seasons, respectively. Positive and negative TWSA values were observed in the
Mon and PMon-R seasons, with most of the negative values between 2003 and 2005, and
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between 2012 and 2016. Annual TWSA values exhibited a downward trend between 2012
and 2016, leading to severe drought, followed by the 2003–2005 event. Overall, from the
beginning of the 21st century, TWSA showed a downward trend over the four river basins
on seasonal and annual scales.

3.2. Basin-Wise GGDI-Identified Drought Event Analysis

Figure 3 represents GGDI-based temporal evolution characteristics of drought and
major drought events for the four river basins from 2003 to 2016. The solid red line repre-
sents the GGDI, and the green shaded region indicates the period of drought events. The
GGDI exhibited upward and downward trends over each river basin with different change
characteristics, demonstrating that the droughts reported using GGDI were increasing in
these river basins during the period of 2003–2016. For all the four basins, major decreasing
trends were observed between 2003 and 2005, 2011 and 2013, and 2014 and 2016. We can
see from the GGDI time series that droughts have become more frequent across these
river basins in recent years. For the drought characterization, dry spells of more than
three months were considered for drought event analysis in this study [32]. The identified
drought events were denoted as “DE”, followed by event order for that particular basin.

As shown in Figure 3a, with reference to GGDI, four major drought events were
detected in GRB, i.e., during (i) DE1—January to December 2003, (ii) DE2—March 2004 to
July 2005, (iii) DE3—June 2008 to July 2010, and (iv) DE4—August 2015 to February 2016.
The longest drought event over GRB extended for 26 months between 2008 and 2010 (DE3).
Among four drought events, DE1, 2, and 4 were characterized as moderate drought, and
DE3 as severe drought.

As shown in Figure 3b, five major drought events were observed in KRB: (i) DE1—
January 2003 to May 2004, (ii) DE2—July 2004 to July 2005, (iii) DE3—June 2012 to May
2013, (iv) DE4—June to November 2014, and (v) DE5—July 2015 to June 2016. Among
these drought events, DE1, 3, and 4 were characterized as mild drought; DE2 as moderate
drought; and DE5 as extreme drought. For KRB, the longest drought was observed for
17 months between 2003 and 2004 (DE1).

As shown in Figure 3c, four major drought events were identified over CRB: (i) DE1—
January 2003 to May 2004, (ii) DE2—July 2004 to August 2005, (iii) DE3—June 2012 to
November 2015, and (iv) DE4—August to December 2016. DE1, 3, and 4 were characterized
as severe drought, and DE2 as moderate drought, with the longest drought extended for
42 months between 2012 and 2015 (DE3).

As shown in Figure 3d, five major drought events were observed in PCRB: (i) DE1—
January 2003 to May 2004, (ii) DE2—July 2004 to August 2005, (iii) DE3—June 2012 to July
2013, (iv) DE4—June 2014 to February 2016, and (v) DE5—August to December 2016. DE1
and 3 were characterized as moderate drought, and DE2, 4, and 5 were characterized as
severe drought, with the longest drought extended for 21 months between 2014 and 2016
(DE4). Overall, for the four river basins of South India, GGDI can be considered a strong
indicator of drought.

3.3. SPEI-Based Drought Event Analysis

Figure 4 represents SPEI-12 timeseries with major drought events represented in red
bands for the four river basins from 2003 to 2016. The SPEI-12 exhibited upward and
downward trends over each river basin during the period of 2003–2016. For all the four
basins, major decreasing trends were observed between 2003 and 2004, 2012 and 2013, and
2014 and 2016. From the SPEI-12 time series, it is evident that droughts have become more
recurrent and prolonged across four river basins in recent years. The identified drought
events were denoted as “DE”, followed by event order for that particular basin.
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Figure 3. Monthly GRACE Groundwater Drought Index (GGDI) and precipitation timeseries with major drought events
represented with green bands for (a) GRB, (b) KRB, (c) CRB, and (d) PCRB. “DE” represents drought event (Godavari river
basin (GRB), Krishna river basin (KRB), Pennar and east flowing rivers between Pennar and Cauvery (PCRB), and Cauvery
river basin (CRB)).
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Figure 4. Monthly Standardized Precipitation Evapotranspiration Index (SPEI)-12 timeseries with major drought events
represented with red bands for (a) GRB, (b) KRB, (c) CRB, and (d) PCRB. “DE” represents drought event (Godavari river
basin (GRB), Krishna river basin (KRB), Pennar and East flowing rivers between Pennar and Cauvery (PCRB), and Cauvery
river basin (CRB)).
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As seen in Figure 4a, four major drought events were evident in GRB: (i) DE1—January
2003 to August 2003, (ii) DE2—February 2009 to September 2010, (iii) DE3—November 2011
to April 2013, and (iv) DE4—April 2014 to December 2016. DE1 and 3 were characterized as
moderate drought, and DE2 and 4 were characterized as severe drought, with the longest
drought extended for 33 months between 2014 to 2016 (DE4).

As seen in Figure 4b, four major drought events were observed in KRB: (i) DE1—
January 2003 to April 2004, (ii) DE2—February 2009 to January 2010, (iii) DE3—November
2011 to June 2013, and (iv) DE4—February 2014 to December 2016. DE1, 2, and 3 were
characterized as moderate drought, and DE4 was characterized as severe drought, with
the longest drought extended for 35 months between 2014 to 2016 (DE4).

As seen in Figure 4c, four major drought events were observed in CRB: (i) DE1—
January 2003 to May 2004, (ii) DE2—June 2012 to October 2013, (iii) DE3—January 2014 to
December 2015, and (iv) DE4—May 2016 to December 2016. DE1, 2, and 4 were character-
ized as moderate drought, and DE3 was characterized as severe drought, with the longest
drought extended for 24 months between 2014 to 2015 (DE3).

As seen in Figure 4d, four major drought events were observed in PCRB: (i) DE1—
January 2003 to April 2004, (ii) DE2—February 2009 to May 2010, (iii) DE3—November
2011 to September 2013, and (iv) DE4—January 2014 to December 2015. DE1, 2, and 3 were
characterized as moderate drought, and DE4 was characterized as severe drought, with
the longest drought extended for 24 months between 2014 to 2015 (DE4).

Comparisons of GRACE-based drought with SPEI from Figures 3 and 4 were analyzed.
In GRB, drought events were commonly observed during 2008–2010 and 2015–2016 for
GGDI as well as SPEI. In KRB, three major drought events were observed between 2003 and
2004, 2012 and 2013, and 2015 and 2016 for both SPEI and GGDI. In CRB, for both SPEI and
GGDI, two major drought events were observed during 2003–2005 and 2012–2015. IN PCRB,
2003–2004 and 2012–2016 were two major drought events that were noticed (SPEI and
GGDI). Variations in the drought duration were observed between GGDI- and SPEI-based
droughts. More drought events were observed using GGDI when compared with the SPEI.
As each drought index is different in terms of construct and variables involved, differences
in characterizing drought events are expected among the indices. Thus, variations in the
drought events were observed between GGDI and SPEI. Therefore, GGDI-based drought
analysis is important and may offer additional insights in identifying the extreme droughts
over the river basins in which 50% of the population depends on agriculture.

3.4. Basin-Wise Drought Characteristics Using GGDI

Table 2 represents the drought characteristics (severity and duration) calculated from
GGDI over four river basins. For GRB, the highest severity of −14.64 was observed for
a duration of 26 months between June 2008 and July 2010. In KRB, the highest severity
of −15.72 was observed for a duration of 12 months (July 2015 to June 2016), followed
by −11.56 severity with a duration of 17 months (January 2003 to May 2004). The CRB
experienced the height drought period among all the four basins, with severity of −27.02
observed for 42 months from June 2012 to November 2015. PCRB observed the highest
severity of −16.33 for a duration of 17 months (January 2003 to May 2004), followed by
severity of −13.38 with the highest duration of 21 months (June 2014 to February 2016) in
this basin. All the four basins experienced droughts during 2003–2005 and 2015–2016.
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Table 2. Drought characteristics (severity and duration) calculated from GGDI for the drought events
identified for GRB, KRB, CRB, and PCRB.

Time Period Severity Duration (No. of Months)

Godavari (GRB)
Jan 2003 to Dec 2003 −8.72 12
Mar 2004 to Jul 2005 −12.91 17
Jun 2008 to Jul 2010 −14.64 26

Aug 2015 to Feb 2016 −4.87 7
Krishna (KRB)

Jan 2003 to May 2004 −11.56 17
Jul 2004 to Jul 2005 −10.08 13

Jun 2012 to May 2013 −8.47 12
Jun to Nov 2014 −1.56 6

Jul 2015 to Jun 2016 −15.72 12
Aug to Dec 2016 −5.41 5

Cauvery (CRB)
Jan 2003 to May 2004 −19.27 17
Jul 2004 to Aug 2005 −10.56 14
Jun 2012 to Nov 2015 −27.02 42

Aug to Dec 2016 −6.71 5
Pennar and east flowing rivers between Pennar and Cauvery (PCRB)

Jan 2003 to May 2004 −16.33 17
Jul 2004 to Aug 2005 −12.52 14
Jun 2012 to Jul 2013 −9.71 14
Jun 2014 to Feb 2016 −13.38 21

Aug to Dec 2016 −7.14 5

3.5. Gridded Monthly and Seasonal GGDI-Based Drought Trend Characteristics

Gridded monthly and seasonal drought trends were evaluated using MMK trend
test over four river basins (combined) during 2003–2016, which are presented in Figure 5.
Figure 6a represents the Zs values of GGDI over four river basins during 2003–2016. “

⊗

”,
“△ ”, and “⊠ ” denote significant (positive and negative) values at 0.1, 0.05, and 0.01 levels,
respectively. Figure 6b represents the Kendall tau values.

3.5.1. Monthly Trends

As shown in Figure 5, GRB exhibited monthly significant positive and negative trends
from January to December. From January to July, GRB exhibited positive trends at different
significant levels (0.01, 0.05, and 0.1 percentiles). The highest significant positive trends
were observed in the month of May at the upper part of the basin, whereas the bottom part
of the basin showed a downward trend from January to July. From August to December,
significant negative trends at 1, 5, and 10% were observed in the downward region of the
basin. The highest significant negative trends were seen during August and September.
Highly fluctuating positive and negative trends were observed in GRB compared to the
other three basins. As shown in Figure 6a, most of the significant positive Zs values of
GGDI were observed in GRB compared to other basins. Out of 12, 4 months (January,
March, June, and July) exhibited significant positive values at 0.1 and 0.05 levels. In terms
of Figure 6b, strong positive trends were observed in the months of March, June, and July.

As seen in Figure 5, KRB displayed monthly positive and negative (non-significant)
trends from January to July. From August to December, significant negative trends were
observed at 0.01, 0.05, and 0.1 levels. Most of the negative trends were observed in the
month of September followed by August. No significant positive trends were observed
in the Krishna basin. As shown in Figure 6a, significant negative Zs values of GGDI were
observed during August, September, and October months at 0.1 level. The remaining
months showed positive and negative Zs values (no significant). Figure 6b shows that
strong negative trends were observed from August to October over KRB.

54



Climate 2021, 9, 56

 

 

 

 

 

  

0 80 160 240 32040
Kilometers

Significant downward trend (P<0.01)
Significant downward trend (P<0.05)
Significant downward trend (P<0.1)
Downward trend (no significant) Upward trend (no significant)

Significant upward trend (P<0.1)
Significant upward trend (P<0.05)
Significant upward trend (P<0.01)

GRB 

KRB 

CRB 

PCRB 

Figure 5. Monthly and seasonal trends of GRACE Groundwater Drought Index (GGDI) using the modified Mann–Kendall
(MMK) trend test over the four river basins (combined) during 2003–2016. The post-monsoon rabi, pre-monsoon, monsoon,
and post-monsoon kharif seasons are denoted as PM-Rabi, Pre Mon, Mon, and PM-Kha, respectively. GRB, KRB, PCRB, and
CRB represents the river basins (Godavari river basin (GRB), Krishna river basin (KRB), Pennar and east flowing rivers
between Pennar and Cauvery (PCRB), and Cauvery river basin (CRB)).
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(a) 

 
(b) 𝑍 values of GRACE Groundwater Drought Index (GGDI) over the four river basins during 2003–2016. “⨂” “ △ ”“ ⊠ ” Figure 6. (a) Zs values of GRACE Groundwater Drought Index (GGDI) over the four river basins

during 2003–2016. “
⊗

”, “ △ ”, and “ ⊠ ” denote significant (positive and negative) values at 0.1,
0.05, and 0.01 levels, respectively (Godavari river basin (GRB), Krishna river basin (KRB), Pennar
and east flowing rivers between Pennar and Cauvery (PCRB), and Cauvery river basin (CRB)). (b)
Monthly and seasonal Kendall tau values over the four river basins during 2003–2016 (Godavari
river basin (GRB), Krishna river basin (KRB), Pennar and east flowing rivers between Pennar and
Cauvery (PCRB), and Cauvery river basin (CRB)).

As we can see from Figure 5, PCRB and CRB demonstrated monthly positive and
negative (non-significant) trends from January to July. From August to December, signif-
icant negative trends were observed at 0.01, 0.05, and 0.1 levels. A complete downward
trend was observed over CRB (PCRB) in the month of November (December). In terms of
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Figure 6a, we can see that significant negative Zs values of GGDI were observed during
August to December months at 0.01, 0.05, and 0.1 levels. The highest significant negative
Zs values were observed for the month of November for both PCRB and CRB. Overall,
KRB and CRB displayed most of the significant negative trends and Zs values compared
to GRB and PCRB, and significant positive trends were observed only in GRB. As seen in
Figure 6b, strong negative trends were observed in the month of November, followed by
October and December in both CRB and PCRB.

3.5.2. Seasonal Trends

The four seasons considered for the study, namely, PMon-R, PMon, Mon, and PMon-K
exhibited significant positive trends over GRB. In KRB, CRB, and PCRB, PMon-R and
PMon seasons showed upward and downward (non-significant) trends. In comparison,
KRB, CRB, and PCRB showed significant negative trends in the Mon and PMon-K seasons.
As shown in Figure 5, most of the significant negative trends were observed in the PMon-K,
followed by the Mon season. Overall, from season to season, significant positive trends
were converted to significant negative trends, with highest significant negative trends
shown in the PMon-K season. As seen in Figure 6a, GRB exhibited positive Zs values in all
the seasons, with all remaining basins having positive and negative Zs values (significant
and insignificant). PMon-K season displayed the highest significant negative Zs values in all
the basins, followed by Mon season. In terms of Figure 6b, we see that PMon-R and PMon
exhibited strong positive trends in GRB followed by CRB. On the other hand, in PMon-K
season, strong negative trends were observed in PCRB and CRB. Decrease in precipitation
was observed during 2002–2016, which led to nearly four major drought events.

3.6. Gridded Monthly and Seasonal Trend Characteristics in Terms of Precipitation

3.6.1. Monthly Trends

Figure 7 represents the monthly and seasonal precipitation trends using the MMK
trend test over the four river basins (combined) during the period of 2003–2016. From
Figure 7, we can see that GRB exhibited monthly significant downward trends in the lower
and middle parts of the basin during January to December, except in March and June.
However, the upper part of the basin showed a significant upward trend, except in May and
August. In January, and from August to December, GRB exhibited significant downward
trends (0.05, and 0.1 percentiles, respectively). The highest significant positive trends were
observed in the months of June and July at 0.01 and 0.05 percentiles, respectively, whereas
downward trends were observed during November, December, and January at 1, 5, and
10 %, respectively. The highest significant negative trends were shown during August
and September. Highly fluctuating positive and negative trends were observed in GRB
compared to other three basins. From Figure 6a, we can see that most of the significant
positive Zs values of GGDI were observed in GRB in comparison to other basins. Out of
the 12 months, 3 months (March, April, and June) exhibited significant positive values at
0.01 and 0.05 levels.

From Figure 7, we see that during February to April and December, KRB displayed
monthly significant positive trends at 0.01, 0.05, and 0.1 levels in the upper part of the basin,
whereas the other portion of the basin showed significant negative trends at the 0.05 level.
The basin was covered with significant negative trends in the months of May, September,
October, and November at the 0.1 level. No significant positive trends were observed in
KRB. As shown in Figure 6a, significant negative Zs values of GGDI were observed during
the months of August, September, and October at the 0.1 level. Both insignificant negative
and positive trends were negotiable in KRB.
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Figure 7. Monthly and seasonal precipitation trends using the MMK trend test over the four river basins (combined) during
2003–2016. The post-monsoon rabi, pre-monsoon, monsoon, and post-monsoon kharif seasons are denoted as PM-Rabi,
Pre Mon, Mon, and PM-Kha, respectively. GRB, KRB, PCRB, and CRB represent the river basins (Godavari river basin
(GRB), Krishna river basin (KRB), Pennar and east flowing rivers between Pennar and Cauvery (PCRB), and Cauvery river
basin (CRB)).
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From Figure 7, we see that monthly significant positive trends were observed in June,
August, and December over PCRB and in the months of June and December over CRB at
0.01 and 0.05 levels, respectively. Highly significant negative trends were observed during
October in PCRB and CRB at 0.01 and 0.05 levels. Significant positive and negative trends
were observed during January to May and September to November in PCRB and CRB at
0.01, 0.05, and 0.1 levels.

3.6.2. Seasonal Trends

Seasonally (Figure 7), significant positive trends were observed during the PMon and
Mon seasons at 0.01 and 0.05 levels in GRB and KRB. Significant negative and positive
trends were observed during PMon-R and PMon-K over GRB, KRB, CRB, and PCRB at 0.01,
0.05, and 0.1 levels. However, in case of PMon and Mon seasons, PCRB and CRB exhibited
the most significant negative trends compared to positive trends at 0.05 and 0.01 levels.
Highly significant positive trends were observed in CRB compared to all other basins.

Overall, from the analysis, GGDI was found to be strongly influenced by variability
of precipitation in the study region. Results stated that study region experienced signifi-
cant decreasing trend in precipitation and GGDI. Assessment of GGDI and precipitation
variability showed a significant linear trend both monthly and seasonally.

3.7. The Correlation between GGDI and Climate Factors

Previous studies have shown that droughts were closely related to climate vari-
ables [47,48,55,60]. In the present study, MEI, NINO3.4, SOI, and DMI were chosen to
describe the influences of teleconnections over droughts. Moreover, wavelet coherence was
employed to evaluate the link between GGDI and climate factors over South Indian river
basins during 2003–2016.

The wavelet coherence between monthly GGDI and climate factors were presented in
Figure 8 over GRB. From Figure 8, the coherence at interannual variability was observed
continuously between 2007 and 2016 on time scales of 20–36 months, and intermittency was
observed between 4 and 12 months at different years for MEI. In the case of SOI, coherence
at interannual variability was observed between 2002 and 2005, and 2007 and 2016 periods
on time scales varying from 16 to 40 months. For NINO3.4, intermittency was reduced
between the 2002 and 2007 period for time scales of 10–34 months, and intermittency was
observed at different years between 4 and 10 months. Compared to other teleconnections
at different scales during different years, the effect of DMI was weak.

For KRB, the wavelet coherence between GGDI and climate factors are provided in
Figure 9. It can be noted from the figure that high wavelet coherence is noticed at an annual
scale, characterizing the dominant effect of groundwater for MEI, SOI, NINO 3.4, and DMI.
Interannual variability was detected at time scales of 2 to 14 months for MEI, 4–10 months
for SOI, and 2–10 months for NINO3.4. However, for DMI, interannual variability highly
varied in the overall period.

For CRB, the wavelet coherence between monthly GGDI and climate factors are
presented in Figure 10. From Figure 10, we can see that the influence of MEI is observable
over the time scales of 10–30 months for the period 2002–2011. Interannual variability
of SOI was observed within the 10 to 12-month time scale, whereas annual variability
was observed for the time scale of 16–32 months over the period of 2002–2012. Annual
variability of NINO3.4 was observed between 2002 and 2011 for an 18–32-month time scale,
and interannual variability was observed for the time scale of 6–16 months. Influence of
DMI was highly significant for the time scale of 14–40 months; for the period 2002–2009,
the annual variability was significantly high compared to NINO3.4, SOI, and MEI.
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Figure 8. Wavelet coherence between monthly GRACE Groundwater Drought Index (GGDI) and (a) Multivariate El
Niño–Southern Oscillation Index (MEI), (b) Southern Oscillation Index (SOI), (c) NINO 3.4, and (d) Dipole Mode Index
(DMI) over Godavari river basin (GRB). The 95% confidence level is presented as thick contour and the relative phase
relationship is represented by arrows with anti-phase pointing left and in-phase pointing right.

  

(b) 

(d) (c) 

(a) (b) 
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Figure 9. Cont.
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Figure 9. Wavelet coherence between monthly GRACE Groundwater Drought Index (GGDI) and (a) MEI, (b) SOI, (c) NINO
3.4, and (d) DMI over Krishna river basin (KRB). The 95% confidence level is presented as thick contour and the relative
phase relationship is represented by arrows with anti-phase pointing left and in-phase pointing right.

  

  
Figure 10. Wavelet coherence between monthly GRACE Groundwater Drought Index (GGDI) and (a) MEI, (b) SOI, (c) NI

(c) (d) 

(b) (a) 

(c) (d) 

Figure 10. Wavelet coherence between monthly GRACE Groundwater Drought Index (GGDI) and (a) MEI, (b) SOI, (c) NINO
3.4, and (d) DMI over Cauvery river basin (CRB). The 95% confidence level is presented as thick contour and the relative
phase relationship is represented by arrows with anti-phase pointing left and in-phase pointing right.

For PCRB, the wavelet coherence between monthly GGDI and climate factors were
presented in Figure 11. As seen in Figure 11, the annual variability of MEI was signifi-
cantly dominant for all the years between the time scale of 16–32 months. Interannual
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variability was also observed between the time scale of 4–10 months at different years.
The influence of interannual variability was observed at different years between the time
scale of 2–14 months. However, annual variability was seen for all the years between 16
and 32 months. Annual variability was comparatively less in NINO3.4 when compared
with MEI, SOI, and DMI. Interannual variability was observed between the time scales of
4–14 months over the years of 2009–2016. Annual variability of DMI was highly significant
for 16–32-month time scales between the years 2002 and 2010, continuing for 33–40-month
time scales for all the years. Moreover, interannual variability was observed between the
time scale of 4–14 months for different years.

  

  
Figure 11. Wavelet coherence between monthly GRACE Groundwater Drought Index (GGDI) and (a) MEI, (b) SOI, (c) NI

− −
− −

− −

(a) (b) 

(c) (d) 

Figure 11. Wavelet coherence between monthly GRACE Groundwater Drought Index (GGDI) and (a) MEI, (b) SOI, (c) NINO
3.4, and (d) DMI over Pennar and east flowing rivers between Pennar and Cauvery (PCRB). The 95% confidence level is
presented as thick contour and the relative phase relationship is represented by arrows with anti-phase pointing left and
in-phase pointing right.

3.8. Spatial Distribution of Drought

Generally, most of the drought events were seen during 2003–2005, 2008–2010, 2012–2013,
and 2014–2016. Spatial distribution of the yearly average GGDI timeseries was plotted
(Figure 12) to depict the spatial variation of drought throughout the basins. From Figure 12,
we can see that 2003, 2015, and 2016 were the most drought-affected years in all the river
basins. KRB exhibited the severe drought throughout the basin in 2016 followed by PCRB
and CRB. For GRB, the GGDI varied between −0.5 and −2 during 2003–2005, 2009, 2012,
2015, and 2016. For KRB, it varied between −0.5 and −2 for the years 2003–2005, 2009,
and 2012–2016. For CRB and PCRB, a range from −0.5 to −2 for the years 2003–2005
and 2012–2016 were noticed. KRB was the severely affected basin during the past decade
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compared to the other basins. Drought had been considerably relieved during 2006, 2007,
and 2011. Therefore, appropriate drought-resistant measures should be implemented in
these river basins to reduce the impact of drought disaster and improve the capability of
drought resistance.
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Figure 12. Spatial distribution of yearly averaged GRACE Groundwater Drought Index (GGDI) timeseries for GRB, KRB,
CRB, and PRB (combined) (Godavari river basin (GRB), Krishna river basin (KRB), Pennar and east flowing rivers between
Pennar and Cauvery (PCRB), and Cauvery river basin (CRB)).
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4. Discussion

4.1. Influence Factors of Drought

Droughts in India pose extraordinary challenges to the food production, socio-economic
aspects, livelihood, and gross domestic product. India has a long history of droughts
with lasting effects on crops, surface, and subsurface water resources, and rural liveli-
hoods [55,71]. Water availability and crop production were affected by the recent drought
of 2015–2016 over large parts of southern India with lower reservoir storage. Addition-
ally, the 2015–2016 drought affected around 330 million people and caused groundwater
depletion in the South Indian states [72,73]. Failure of monsoon rainfall or its receipt in
smaller quantities may often result in drought over major parts of India. The effect of
anthropogenic factors on drought, along with natural factors, cannot be overlooked. Due
to the uneven distribution of rainfall, spatially and temporally, surface and subsurface
water resources are scarce over India [33]. Mishra [73] stated that the 2015–2018 drought
affected groundwater and surface water availability in the southern part of India and was
linked to climate indices. Farmers disproportionately use electricity and fossil fuels to
pump groundwater to compensate for the lack of rainfall. In particular, cultivation costs
for rice and other rainy season (kharif) crops are also rising due to increased use of energy
and diesel for the collection of groundwater [74]. Excessive withdrawal of groundwater
to save crops in drought conditions has drained groundwater in most parts of the world,
therefore ultimately triggering a drought crisis.

Researchers have established that climate factors play a major role in the process of
drought formation [42,75]. Additionally, the wavelet coherence results from Section 3.5
have shown that climate factors (MEI, SOI, DMI, and NINO3.4) have had an extreme
influence on drought evolution. In particular, in the Indian regions, MEI, SOI, and NINO3.4
had the greatest influence on drought (Figures 8–11). There are several teleconnections that
influence the variability of TWS along with its components over India. Although earlier
studies primarily focused on the effect of ENSO over TWS [46,47], it is unlikely to be able
find a single indicator to represent all climatic variability features over large regions [76].
In the current study, four widely used climate factors were considered, and their links
with GGDI were evaluated; the results show that for each river basin, the teleconnections
differed considerably with GGDI. Therefore, TWS attributions and predictions or indices
calculated using TWS (GGDI) centered on a single teleconnection should be treated with
caution, and multiple teleconnections are suggested for the assessment of TWS changes
and their components.

As shown in Figures 8–11, the coherence of GGDI with teleconnections (MEI, SOI,
DMI, and NINO3.4) at ≈32 months period may be due to the correlation between climate
indices (correlation o MEI with SOI/DMI/NINO3.4). Therefore, analyzing the standalone
effect of teleconnection factors on the GGDI series may provide better correlation between
GGDI and teleconnection after removing the effect of other influential time series [77,78].

4.2. Uncertainty Analysis

Numerous areas of uncertainty were encountered in the present study. First, to
avoid the uncertainty induced by observational and data processing errors, we considered
modern mascon solution data instead of the spherical harmonic coefficients data [79]. Still,
the mascon solutions developed by various organizations still have ambiguities due to
diverse background models as well as data processing approaches. In addition, the JPL
mascon solutions considered different hydrological models to adjust the scale factors,
which eventually contributes to the presence of uncertainty. Second, to minimize the
GLDAS uncertainty, the ensemble mean of several hydrological models (Noah, VIC, CLM,
Mosaic) was suggested [37]. However, similar to GRACE data, the Noah model has the
same spatial resolution. Thus, we adopted the GLDAS Noah model outputs in the present
study to reduce the uncertainty related to spatial resolution in evaluating water storage
calculations. Finally, using linear interpolation techniques, the missing GRACE data were
filled out, which may have triggered some uncertainties. However, since the approach is
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prevalent, easy, and extensively used in the handling of missing data, we followed similar
techniques in filling the GRACE dataset gaps [33,80], and the results suggest that the linear
interpolation approach was appropriate.

4.3. Advantages and Limitations

GRACE satellite gravimetry plays an important role in the identification of drought
in regions where data related to water storage variations is inadequate [81]. To reduce
the influence of various errors in the GRACE spherical harmonic coefficients, one can
apply various filtering processes, yet results suggest the possibility of weak signals in
the derived product. Therefore, scale factors are applied to recover the signal leakage
caused by the filtering processes [82]. In order to resolve these data processing errors, we
adopted GRACE mascon solutions, which are equal to or superior to traditional GRACE
spherical harmonic coefficients, in the current research [65]. Therefore, using GRACE
mascon solutions, changing characteristics of TWS, in identifying the teleconnections with
GGDI, and hence the drought situation over river basins in southern India were explored.
In regions where hydrometeorological data are minimal, GRACE data are an important
means of estimating and managing the drought. The GGDI drought index was evaluated in
this analysis to identify drought events. The GGDI is a normalized index that can be used to
objectively compare spatio-temporal drought, providing a strong evidence for evaluating
surplus and deficit groundwater availability [39]. This study positively established the
drought events between 2003 and 2005, 2008 and 2010, and 2013 and 2015, which were
consistent with the results of Sinha et al. [17] and Kumar et al. [33]. Severe drought events
between 2008 and 2010 for GRB, 2015 and 2016 for KRB, and 2003 and 2004 for PCRB were
also reported by Kumar et al. [33], which are consistent with the drought events obtained
using GGDI in this study (Figure 3, Table 2). Moreover, the interaction of GGDI with
climate indices exhibited the fact that teleconnections had a substantial effect on drought
across southern India’s river basins.

Although GGDI based on GRACE dataset can be used to categorize drought character-
istics effectively and expediently, there are still some limitations. GRACE datasets have only
been available since 2002, covering only a few years of data; with longer temporal datasets,
the results will therefore be more accurate [32]. Although GRACE data resolution is rela-
tively low, it considers the changes in water storage (including soil water and surface snow)
that comes from rainfall, evapotranspiration, river transportation, and deep underground
infiltration. GRACE is the key technology in gravity satellite sensors to improve accuracy
and monitoring gravity field in terrestrial hydrology. GRACE provides realistic spatiotem-
poral variations of vertically integrated measurement of water storage at precision of tens
of millimeters of equivalent thickness. The new GRACE Follow On (GRACE FO) satellite
datasets will provide a valuable solution for the long-term evaluation of TWS variations
and their associated studies, resulting in significant improvements in our knowledge of
GRACE-related studies. Moreover, the effect of anthropogenic activities (groundwater
extraction, regional water division, mining) over mass changes of the earth surface cannot
be overlooked [83]. These effects (influence of human activities) are generally ignored due
to the lack of observed datasets, as well as difficulties in the collection and measurement
of relevant information. Therefore, analyzing the influence of anthropogenic activities on
variations in water storage may provide a fresh insight into the future of science.

5. Conclusions

In the present study, during 2003–2016, the drought characteristics were examined and
evaluated using the GRACE-based groundwater storage as a metric over four major river
basins in India. The spatial distribution, temporal evolution of drought, and trend charac-
teristics were analyzed using GGDI during 2003–2016 over KRB, CRB, GRB, and PCRB.
Then, using the wavelet coherence method, we evaluated the relationship between GGDI
and climate factors. GRACE datasets provide significant benefits in detecting droughts and
revealing information about large-scale groundwater depletion, where hydrometeorologi-
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cal data are limited and data related to water storage variations are insufficient. This study
has provided reliable and robust quantitative results of GRACE water storage variations
that provide a new approach to link surface and subsurface condition while investigating
droughts, and the methodology can be applied to any other region. The key findings from
this research are as follows:

• The distinct seasonal and annual variations of TWSA were observed in four river
basins. The PMon and PMon-R seasons exhibited negative TWSA values, while
Mon and PMon-K seasons showed positive TWSA variations in all the river basins.
Annually, TWSA values showed significant upward and downward trends, with most
of the negative trends observed between 2003 and 2005, and 2012 and 2016, indicating
severe droughts.

• The GGDI-identified drought events exhibited different temporal change character-
istics in all the river basins. The most severe drought event was observed in CRB
between 2012 and 2016, followed by GRB between 2008 and 2010. All the four basins
exhibited drought events between 2003 and 2005, and KRB, CRB, and PCRB experi-
enced droughts between 2012 and 2016.

• Drought severity and duration were evaluated using GGDI for four river basins. The
CRB experienced the longest drought period among all the four basins, with a severity
of −27.02 observed for 42 months during June 2012 to November 2015.

• The monthly and seasonal trends were evaluated using the MMK test. Significant
monthly negative trends were observed during August to December in KRB, CRB,
and PCRB. Seasonal negative trends were also significant in Mon and PMon-K in CRB,
KRB, and PCRB.

• The wavelet coherence analysis effectively demonstrated the teleconnections between
climate indices and drought events. The influence of SOI on drought was significantly
high, followed by NINO3.4 and MEI in all the basins. SOI has the strongest impact
in detecting the progression of drought compared to other climate indices in these
river basins.
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Abstract: Global climate change is expected to impact future precipitation and surface temperature
trends and could alter local hydrologic systems. This study assessed the likely hydrologic responses
and changes in streamflow due to future climate change within the Alabama River Basin (ARB)
for the mid-21st century 2045 (“2030–2060”) and end-21st century 2075 (“2060–2090”). Using an
integrated modeling approach, General Circulation Model (GCM) datasets; the Centre National de
Recherches Météorologiques Climate Model 5 (CNRM-CM5), the Community Earth System Model,
version 1–Biogeochemistry (CESM1- BGC.1), and the Hadley Centre Global Environment Model
version 2 (HADGEM2-AO.1), under medium Representative Concentration Pathway (RCP) 4.5,
and based on World Climate Research Program (WCRP)’s Couple Model Intercomparison Phase 5
(CMIP5), were assimilated into calibrated Soil and Water Assessment Tool (SWAT). Mann–Kendall
and Theil Sen’s slope were used to assess the trends and magnitude of variability of the historical
climate data used for setting up the model. The model calibration showed goodness of fit with
minimum Nash–Sutcliffe Efficiency (NSE) coefficient values of 0.83 and Coefficient of Determination
(R2) of 0.88 for the three gages within the ARB. Next, the research assessed changes in streamflow
for the years 2045 and 2075 against that of the reference baseline year of 1980. The results indicate
situations of likely increase and decrease in mean monthly streamflow discharge and increase in the
frequency and variability in peak flows during the periods from the mid to end of the 21st century.
Seasonally, monthly streamflow increases between 50% and 250% were found for spring and autumn
months with decreases in summer months for 2045. Spring and summer months for 2075 resulted in
increased monthly streamflow between 50% and 300%, while autumn and spring months experienced
decreased streamflow. While the results are prone to inherent uncertainties in the downscaled GCM
data used, the simulated dynamics in streamflow and water availability provide critical information
for stakeholders to develop sustainable water management and climate change adaptation options
for the ARB.

Keywords: climate change; streamflow; SWAT model; GCM; CNRM-CM5; CESM1-BGC.1; HADGEM2-
AO.1; Alabama River Basin

1. Introduction

According to the United Nations Framework Convention on Climate Change [1],
climate change could be defined as “a change of climate which is attributed directly or
indirectly to human activity that alters the composition of the global atmosphere and which
is in addition to natural climate variability observed over comparable time periods” [1].
Climate change may be due to natural internal processes or external forcings, such as
modulations of the solar cycles, volcanic eruptions, and persistent anthropogenic changes
in the composition of the atmosphere or inland use [2]. The latest Intergovernmental Panel
on Climate Change (IPCC) assessment reports show global climate change as a scientific
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reality and one of the most significant challenges facing humanity today [3]. Climate
change is mainly manifested by the change in global mean surface temperatures.

Temperature data from several scientists and organizations show that global climate
warming trends have been increasing rapidly in the past few decades [4]. Globally, nineteen
of the twenty warmest years all have occurred since 2001, except for 1998, with 2016 being
the warmest on record since 1880 [5]. The 10 warmest years in the 140-year record all have
occurred since 2005, with the six warmest years being the six most recent years [4]. The ten
warmest Augusts have all occurred since 1998, and the five warmest have occurred since
2015 [4]. Averaged as a whole, the August 2020 global land and ocean surface temperature
was 0.94 ◦C (1.69 ◦F) above average, and the second highest August temperature since
1880 [3]. According to National Oceanic and Atmospheric Administration (NOAA) (2020),
both August 2020 global land-only and 2016 ocean-only surface temperatures were among
the highest ever recorded, at 1.26 ◦C (2.27 ◦F) and 0.82 ◦C (1.48 ◦F) above average, respec-
tively [4]. Human-induced global warming reached approximately 1 ◦C above pre-historic
levels in 2017 and is projected to reach to 1.5 ◦C above pre-industrial levels by 2040 [6]. Ris-
ing sea surface temperatures have resulted in increases in tropical storms and hurricanes [7].
Additionally, global average sea levels are projected to continue to rise (approximately 7.2
to 23.6 inches/18–59 cm/0.18–0.59 m) by the end of the century [8]. All these facts add
credence to the IPCC’s conclusion that climate change is real, will continue to increase in
severity, and requires human and governmental actions to control the current trends.

Historically, increases in surface temperature have resulted in changes in the intensity
spatial distribution, and temporal trends in precipitation, and have subsequently impacted
different regional and local hydrologic systems around the world [7,9]. Climate change is
expected to modify the hydrologic cycle and has significant implications for water resources.
These include observed increased evaporation rates, a higher proportion of precipitation
received as rain rather than snow, earlier and shorter runoff seasons, changes in water
budget and streamflows, increased water body temperatures, such as the warming of lakes
and rivers, and decreased water quality in both inland and coastal areas [10–12]. Impacts
of climate change on freshwater ecosystems also include observed changes in species
composition, organism abundance, productivity, and phenological shifts [13]. Aquatic
habitats, as well as water quality, have been negatively affected, resulting in lower levels
of dissolved oxygen, increases in pollutants, pathogens, nutrients, and invasive species
as well as algal blooms [10,11,14]. Additionally, there have been losses and changes in the
distribution of aquatic species with higher rates of evapotranspiration resulting in some
water bodies shrinking [12].

Variability in precipitation relative to evaporation and increasing surface tempera-
tures cause changes in residence time, water budget, and water temperature dynamics
of lakes, streams, rivers, and other water bodies [15]. Temporal and spatial variabilities
in precipitation intensity have the potential to cause shifts in the connectivity of water
bodies as well as in erosion rates that could affect the inflow and outflow dynamics of
various water bodies for different regions [15]. For instance, according to the United States
Environmental Protection Agency (U.S. EPA) during the past 75 years, seven-day low flow
has generally increased in the Northeast and Midwest regions of the United States while
parts of the Southeast and the Pacific Northwest regions have generally had decreases in
low flows [16,17]. Moreover, three-day high-flow trends have varied from region to region
across the U.S., with high flows observed to have generally increased or changed little in
the Northeast since 1940, while high flows have also increased in some West Coast streams
and decreased in others [16,17]. Annual average streamflow has increased at many sites in
the Northeast and Midwest, while other regions have seen few substantial changes [16,17].
Net water supplies have increased in areas with sufficient rainfall while certain areas have
experienced long droughts and decreases in net water supply [17,18]. This decrease is
partly due to the temperature rise and associated increase in evaporation rates in most
areas [17,18]. Parametric and nonparametric-based assessment of historical long-term
trends and seasonal variability in streamflow have shown increasing and decreasing flow
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trends for different hydrologic regions [19,20]. Regions experiencing a decline in the water
supply are likely to experience an increase in water demand because of the increasing
population. The decrease in water supply could be particularly significant for agriculture,
energy production, municipal, industrial, and other uses [21]. Changes in the timing, inten-
sity, and duration of precipitation negatively affect water quality. As a result of increased
rainfall and intense rainstorms, flooding and surface runoff transport large volumes of
water and contaminants into water bodies. Intense flooding events can also overwhelm
water infrastructures including storm, combined sewer, and wastewater systems, causing
untreated pollutants to directly enter and contaminate source water supply systems. In
regions with increased rainfall frequency and intensity, more pollution and sedimentation
might result from runoff. On the other hand, reduced rainfall and increased temperatures
will result in drier soils and lead to increasing incidences of wildfires making land more
vulnerable to soil erosion [22]. Increasing occurrences of tropical storms will result in
increased flooding which may consequently damage infrastructure and lead to coastal ero-
sion [23]. Climate change has adversely impacted food security and terrestrial ecosystems
as well as contributed to desertification and land degradation in many regions [3]. Sustain-
able land management, including sustainable forest management, can prevent and reduce
land degradation, maintain land productivity, and sometimes reverse the adverse impacts
of climate change on land degradation, while contributing to mitigation and adaptation
solutions [3].

To effectively assess future hydrologic responses to climate change, scientists utilize
hydrologic modeling integrated with future projected climate dataset derived from the
World Climate Research Program (WCRP) and IPCC’s General Circulation Models (GCMs).
The GCMs are the most advanced tools for simulating the response of the global climate
system to increasing greenhouse gas concentrations [23]. GCMs provide geographically
and physically consistent estimates of future regional climate conditions and changes
throughout the planet based on physical processes involving the atmosphere, ocean, and
land surface [23,24]. The latest GCM dataset is the WCRP’s Coupled Model Intercom-
parison Project Phase 6 (CMIP6). These new generation climate models have resulted
in significant improvements in the knowledge and understanding of future climate vari-
ability and change. Greenhouse gas emission scenarios are the primary radiative forcing
that drive the GCMs. There are a standard set of scenarios for future global greenhouse
gas emissions based on land use, population growth, technology, industrialization, and
other factors that are employed by climate modelers [23]. These are the Representative
Concentration Pathways (RCPs), and are expressed as the amount, by the year 2100, of
the earth’s radiative imbalance in watts per square meter of earth’s surface. RCPs were
introduced in the Fifth IPCC Assessment and are used to prescribe radiative forcing inputs
to climate models [23,25–27]. The four standard RCPs are RCP2.6, RCP4.5, RCP6.5, and
RCP8.5, which represent increases of +2.6, +4.5, +6.5, and +8.5 watts per square meter
(W/m2), respectively. The RCP 2.6 scenario is a relatively low greenhouse-gas emission
scenario, while RCP 4.5, RCP 6.5, and RCP 8.5 appear as reasonable choices to represent
medium to high stabilization radiative forcing emission scenarios [23]. As an integral part
of assessing impacts of climate change on hydrologic systems, downscaled GCM data un-
der various RCP scenarios are assimilated into hydrologic models to simulate past, current,
and future hydrologic processes, and responses to different climate conditions [28–31]. Due
to spatial scales and inherent uncertainties in downscaled GCM datasets integrated into
hydrologic models, there could be substantial variability in simulated hydrologic outputs
and responses to climate change [32].

The State of Alabama, in the southern U.S., has experienced over the years periods
of flooding and low flows as a result of changing climate. For instance, in 1990, the
Alabama River flooded homes in Selma and Montgomery, while in 2007 and 2016 severe
drought hit the region. Reduced runoff and lower groundwater levels in the summer could
impact water availability to satisfy Alabama’s growing and competing needs for municipal,
industrial, agricultural irrigation, and recreational uses of water [33]. Large groundwater
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withdrawals in the coastal zones of Baldwin and Mobile counties, which include the Mobile
Bay and Gulf Shores regions, have increased salinity in wells due to saltwater intrusion into
the aquifers [34]. An increase in sinkhole formation has also been associated with growing
groundwater withdrawals [35]. Warmer and drier conditions, particularly if accompanied
by rising sea levels, could compound these types of problems due to higher demand and
lower flows. Lower flows and higher temperatures could also degrade water quality by
concentrating pollutants and reducing the assimilation of wastes [33]. One of the largest
off-stream uses of water in Alabama is thermoelectric power generation. Higher water
temperatures could reduce the efficiency of industrial and power plant cooling systems and
might make it increasingly difficult to meet regulatory standards for acceptable downstream
water temperatures, particularly during extremely warm periods. Increases in precipitation
would alleviate these impacts. However, higher rainfall, particularly during the traditional
winter-spring flood season, could contribute to localized flooding and increased levels
of pesticides and fertilizers in runoff from agricultural areas [33]. Historically, Alabama
experienced the hottest temperatures in the 1920s and 1930s, followed by a substantial
cooling of almost 2 ◦F into the 1960s and 1970s. Since that cool period, temperatures have
risen by about 1.5 ◦F, such that the most recent decades have experienced records above
the long-term average, but slightly cooler than the 1920s/1930s [36]. Because of the large
cooling that occurred in the middle of the 20th century, the southeastern United States is
one of the few regions globally that has not experienced overall warming since 1900, while
the United States as a whole has warmed by about 1.5 ◦F. In the summer, daytime high
temperatures have typically ranged between 85 ◦F and 95 ◦F, with temperatures regularly
exceeding 95◦F across the state [36].

Under a higher emissions pathway, historically unprecedented warming is projected
by the end of the 21st century. Even under a lower pathway of greenhouse gas concentra-
tions, temperatures are projected to exceed historical record levels by the middle of the
21st century. However, there is a large range of temperature increases projected under
both pathways, and under the lower pathway, a few projections are slightly warmer than
historical records [36]. Warming is projected despite the lack of a long-term temperature
trend in Alabama because the increased warming influence of greenhouse gases is expected
to become greater than the natural variations that have dominated Alabama’s tempera-
tures [36]. Future changes in average annual precipitation are uncertain. However, any
increase in temperature will cause a more rapid rate of loss of soil moisture during dry
periods. This will likely increase the intensity of naturally occurring droughts in the future.
Increases in extreme precipitation are projected for Alabama because it is virtually certain
that atmospheric water vapor will increase in a warmer world [36,37]. Therefore, both
droughts and wetter episodes are expected to occur, and this increase in various types of
extreme climatic events is one of climate change hallmarks [38].

Because of the above observations, it is critical to assess future climate change impacts
on hydrologic systems and water resources. The objective of the study was to assess the
likely hydrologic responses and changes in mean monthly streamflow discharge due to
future climate change within the Alabama River Basin (ARB), for the mid (2030–2060) and
end (2060–2090) of the 21st century. The integrated modeling approach used involved
the assimilation of the three best performing downscaled CMIP5 GCM data, namely
the Centre National de Recherches Météorologiques Climate Model 5 (CNRM-CM5), the
Community Earth System Model, version 1–Biogeochemistry (CESM1- BGC.1), and the
Hadley Centre Global Environment Model version 2 (HADGEM2-AO.1), under medium
emission scenario (RCP 4.5) into the Soil and Water Assessment Tool (SWAT) to simulate
monthly streamflow variability and magnitude for the years 2045, representing the mid-
21st century (“2030–2060”), and 2075, representing the end-21st century (“2060–2090”).
The results from this study together with the relevant knowledge about the Alabama
River Basin, and other related research studies would provide critical information for the
development of climate change adaptation solutions to ensure sustainable management of
water resources within the Alabama River Basin and the southeastern USA in general.
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2. Materials and Methods

2.1. Study Area

The study area is the Alabama River Basin (ARB), which consists of Alabama, Coosa,
Tallapoosa, and Cahaba River Basins (Figure 1). The ARB covers the northwestern part
of Georgia and enters through northeastern Alabama, covering a region which includes
the central and southeastern Alabama and covers a total drainage area of approximately
59,051 km2 [39]. The headwater streams of the ARB river basin rise in the Blue Ridge
Mountains of Georgia and Tennessee and flow southwest, combining at Rome, Georgia, to
form the Coosa River [39]. The confluence of the Coosa and Tallapoosa Rivers in central
Alabama forms the Alabama River, which flows through Montgomery and Selma. The
Alabama River then joins with the Tombigbee River at the bottom of the ARB about 45 miles
north of Mobile to form the Mobile River, which flows into Mobile Bay at an estuary of the
Gulf of Mexico [39] The ARB contributes 33,600 ft3/s (951.5 m3/s) of streamflow to the
Mobile River [39].

Figure 1. The study area: (a) the major basins, climate stations, and U.S. Geological Survey (USGS)
gages; (b) location of the basin within Alabama and southeastern U.S.

The state of Alabama has a humid, subtropical climate, with mild winters and hot
summers. Extreme temperatures range from near 110 ◦F in the summer to values below
zero in the winter [39]. In the southern end of the basin, the average maximum January
temperature is 60 ◦F, and the average minimum January temperature is 37 ◦F [39]. The max-
imum average July temperature is 91 ◦F; in the southern end of the basin, the corresponding
minimum value is 69 ◦F [39]. The frost-free season varies in length from about 200 days
in the northern valleys to about 250 days in the southern part of the basin [39]. The ARB
has elevation that ranges from sea level to 1278 m and has soil type consisting mainly of
sandy loam and silty loam [40]. The average annual precipitation for the ARB is 1379 mm,
mainly from rainfall and limited contributions from snowfall [40]. The dominant land use
types for the ARB are forestry (about 73%) and agriculture (about 17%), consisting mainly
of hay/pasture, corn, cotton, peanuts, and soybean. The large forest land cover results in
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high evapotranspiration ranging from 762 to 1067 mm (56–78% of annual precipitation),
generally increasing from north to south [40].

2.2. Soil and Water Assessment Tool

The Soil and Water Assessment Tool (SWAT) is an ecohydrological model developed
by the United States Department of Agriculture (USDA)–Agricultural Research Service
(ARS) [41]. SWAT is a continuous-time, semi-distributed, dynamic, and spatially dis-
tributed model, based on mathematical descriptions of physical, biogeochemical, and
hydrochemical processes in simulating hydrologic processes, streamflow, impacts of land
use and agricultural management practices on water quality, the fate and transport of
pollutants, sediment, and agricultural chemical yields, at various watershed scales [41,42].
The major model components are weather conditions, hydrology, soil properties, plant
growth, and land management, as well as loads and flows of nutrients, pesticides, bacteria,
and pathogens. SWAT can simulate major hydrologic processes including evapotranspira-
tion (ET), surface runoff, infiltration, percolation, shallow aquifer, and deep aquifer flow,
and channel routing [41]. Moreover, [43] provide details and the theoretical background
of the SWAT model. The SWAT model is one of the most widely used hydrologic and
water quality models worldwide and can be applied across a range of watershed scales,
climatic zones, environmental conditions, and management systems extensively for a
broad range of hydrologic and/or environmental studies and decision making [42]. The
international use of SWAT has mostly been attributed to its flexibility in addressing water
resource problems.

2.3. General Circulation Models and Uncertainties

Although CMIP5 GCMs have been widely applied in the assessment of hydrologic
responses to climate change, there are uncertainties associated with outputs of GCMs.
According to [44], the greatest source of uncertainty is the large spatial and temporal scale
of GCMs. This gives rise to another source of uncertainty: the downscaling techniques that
are necessary to convert GCM model outputs to scales that are useful for most hydrological
modeling applications [23]. Another critical source of uncertainty in GCM is the accuracy in
the projections of drought conditions. According to [45], uncertainties in projected drought
scenarios could contribute as high as 97% to total uncertainty in climate models. Research
work by [46] projected that, while precipitation is likely to increase in the 21 century,
frequencies in droughts are expected to increase by between 10% and 50% over most
land areas.

Therefore, there are different levels of uncertainties depending on the accuracy of
the downscaled GCM data and the RCP greenhouse gas emission scenarios being used.
Several researchers have been able to assess climate change impact across a range of spatial
and temporal scales using GCM data that most accurately simulate historical climate
conditions of their study areas [24,29,31]. RCP 4.5 and 8.5 are identified as conservative
and severe, respectively in CMIP5 projections to demonstrate the sensitivity of Midwestern
U.S. watersheds to future climatic changes [31].

In this study, we considered the top three CMIP5 GCMs climate data recommended
for southeastern United States (U.S.) by U.S. Geological Survey (USGS). USGS evaluated
CMIP5 GCMs concerning how well they reproduced the observed climate of the Southeast-
ern U.S. Monthly data (temperature and precipitation) from 41 GCMs of the CMIP5 were
compared to observations for the 20th century for the Southeastern United States and sur-
rounding areas. They utilized a suite of statistics/metrics that characterize various aspects
of the regional climate. Each GCM’s performance was then assessed and ranked, based on
its ability to reproduce the observed climatic variables [47]. Overall, the highest-ranked
models included the CNRM-CM5/CNRM-CM5-2 pair of models, the CESM1/CCSM4
family of models (except for CESM1-WACCM), and the CMCC-CM/CMCC-CMS pair of
models. Other high scoring models are MPI-ESM-LR, the “CC” versions of the GISS family
of models, and HadGEM2-ES. For this study CNRM-CM5 [48], CESM1-BGC.1 [49], and

76



Climate 2021, 9, 55

HADGEM2-AO.1 [50] model data, under medium stabilization radiative forcing emission
scenario (RCP4.5), were selected based on their performance as compared to observation
data for the research watershed for the years between 1980 and 2010.

2.4. Historical and Future Climate Scenario Data

This study utilized historical climate and streamflow data (1980–2010) and statistically
downscaled GCM CMIP5 climate data (daily precipitation, minimum and maximum
temperatures) for the years 2045 (representing the mid-21st century (2030–2060) and 2075
(representing the end-21st century (2060–2090), under medium stabilization radiative
forcing emission scenario (RCP4.5). The historical data were used together with other
watershed and geospatial data to set up, calibrate, and validate the SWAT model. The
downscaled future climate data were assimilated into calibrated SWAT models to simulate
and analyze the dynamics of future streamflow for selected GCMs under RCP4.5 scenario.
A detailed description of the scenario is provided by [51]. Data from CNRM-CM5 [48],
CESM1-BGC.1 [49], and HADGEM2-AO.1 [50] models were used in this study. The
data (1/16◦ resolution) were obtained from http://gdo-dcp.ucllnl.org/downscaled_cmip_
projections/ (accessed on 2 July 2018) [52]. The different GCM simulations were run and
assessed on monthly time steps, from January 1 to December 31 for the years 2045 and 2075,
to evaluate future changes in streamflow dynamics and water availability. Streamflow
projections from the different models were then compared to those for the baseline year of
1980 to assess climate change impacts.

2.5. Hydrologic Modeling Data

The data used as input for the SWAT model included the USDA National Elevation
Data (NED), historical climate, streamflow, water quality, USDA National Agricultural
Statistics Service (NASS) cropland, State Soil Geographic (STATSGO), and downscaled
GCM data. The data used, sources, and description are as shown in Table 1.

Table 1. Table showing geospatial and climate data and sources.

Data Data Source Data Description

Elevation (30 m)
United States Department of Agriculture

Geospatial Data Gateway
http://datagateway.nrcs.usda.gov

National Elevation Dataset

State Soil Geographic data
United Stated Department of Agriculture

Geospatial Data Gateway
http://datagateway.nrcs.usda.gov

Soil classification and properties

Land Use (30 m)
United Stated Department of Agriculture

Geospatial Data Gateway
http://datagateway.nrcs.usda.gov

National Land Cover Dataset Land

Historical Climate
National Climatic Data Center

http://www.ncdc.noaa.gov/cdo-web
Daily rainfall, maximum and minimum

temperature

Streamflow
United States Geological Survey Water Data

https://waterdata.usgs.gov/nwis
Monthly streamflow

Future Climate
http://gdo-dcp.ucllnl.org/downscaled_

cmip_projections/
Downscaled General Circulation Model

data for 2045 and 2075

2.6. SWAT Model Setup, Calibration, and Validation Analysis

The geospatial data were processed and assimilated into the SWAT model. An initial
cold/default simulation was run to obtain the initial performance of the model, which then
served as the basis for the calibration of long-term water balance [53]. The model was then
calibrated, validated, and assessed for performance accuracy and efficiency.

According to [54], calibration is the process that involves the effort to parameterize a
model to a given set of local conditions, thereby reducing the prediction uncertainty. Nash–
Sutcliffe Efficiency (NSE) coefficient [55] (Equation (1) and the Coefficient of Determination
(R2) (Equation (2) statistics were used to assess the performance of the SWAT model. The
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NSE is commonly used to assess the predictive performance of hydrologic models and
has values ranging from −∞ to 1. A hydrologic model is considered as having optimal
performance if NSE values are above 0.5, with a 1 indicating a perfect match of model
simulation with measured data [56]. R2 represents the correlation between the simulated
and measured data, with values ranging between 0 and 1, where 0 corresponds to no
correlation and 1 indicates a perfect correlation [56]. A high R2 value may not necessarily be
an indication of an acceptable model performance or efficiency [57,58]. A good assessment
of the acceptability of R2 value, is to make graphical comparison of the series scatter
plots to ensure their closeness to the 1:1 ratio line and also observe the good-of-fit of the
resulting hydrographs of simulated and measured data. Generally, R2 values are higher
than corresponding NSE values.

Measured data from three USGS gages (02404400, 02413300, and 02425000) were used
for monthly calibration for the period 1995–2005, and monthly validation was performed
for the period 1985–1995. The hydrologic parameters that were systematically changed
in the calibration included initial SCS runoff curve number for moisture condition II
(CN2), soil evaporation compensation factor (ESCO), available water capacity of first
soil layer (mm/mm) (SOL_AWC), baseflow alpha factor (days)(ALPHA_BF), threshold
depth of water in the shallow aquifer for return flow to occur (mm H2O) (GWQMIN) and
groundwater "revap" coefficient (GW_REVAP).

NSE = 1 − ∑
n
i=1(Oi − Pi)

2

∑
n
i=1
(

Oi − Oavg

)2 (1)
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)

√

∑
n
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(
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(
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)2





2
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where, n is the total number of observations or simulation; i is number of values, O is
measured values; P is predicted or simulated output values.

2.7. Climate Trend Analysis

The time series of the historical climate data for the period between 1980 and 2010
was analyzed for temporal variability trends using the non-parametric Mann–Kendall
method [59] and the magnitude of the trends was determined using Theil Sen’s slope esti-
mator [60,61]. Trend analysis was performed to quantify the rate of change, the magnitude
of trend, the sign (increase or decrease) in change and whether the change in the annual
rainfall and temperature was statistically significant. The trend test was positive (increas-
ing) for precipitation and minimum temperature and non-null for maximum temperature
(Table 2). All three climate variables showed little to no observable long-term variation
over the historical period between 1980 and 2010.

Table 2. Mann–Kendall Trend Test Results.

Variable Number of Years Mann–Kendall Trend

Precipitation 30 + 1
Maximum

Temperature
30 + 0

Minimum
Temperature

30 + 1

2.8. Analysis of Simulated Baseline versus Future Streamflow Discharge

To study streamflow changes resulting from projected climate change, streamflow
discharge and hydrographs for the historical baseline year of 1980 were analyzed against
those under future climate conditions for the mid (2045) and end (2075) of the 21st century.
The time series of total streamflow discharge for projected climate conditions under the
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selected climate scenario were analyzed for changes against that for baseline periods. To
achieve this, measured streamflow from the USGS gage closest to the watershed outlet
(USGS gage 02428400 in Figure 1) was utilized because there was no USGS gage at the
main watershed outlet. The simulated average streamflow based on historical climate data
for the baseline periods were compared to the simulated streamflow for future climate
conditions, mainly to determine the changes in streamflow discharge values and trends in
peak flow variabilities that could occur within the study area for the years 2045 and 2075.

3. Results and Discussion

3.1. Comparison of GCM Climate Variables with Observed Baseline Values

The selected GCMs predicted changes in average daily maximum temperature ranging
between 24.29 ◦C and 27.42 ◦C, average daily minimum temperatures between 11.33 ◦C and
14.75 ◦C, and average daily precipitation between 3.62 and 3.99 mm for 2045. Predictions
for 2075 showed changes ranging between 3.63 and 4.48 mm for average daily precipitation,
24.30 ◦C–27.98 ◦C for average daily maximum temperature, and 11.32 ◦C–14.62 ◦C for
average minimum daily temperature. CESM1-BGC.1 predicted an increase in average
daily precipitation, while HADGEM2-AO and CNRM-CM5 predicted decreases in average
daily precipitation for 2045 compared to the 1980 baseline values. For 2075, both CESM1-
BGC.1 and HadGEM2-AO.1 had predictions above the 1980 baseline value while CNRM-
CM5 prediction was below the 1980 baseline value. CESM1-BGC.1 and HadGEM2-AO.1
predicted a rise in average daily minimum and maximum temperatures above the baseline
temperatures years for both 2045 and 2075. CNRM-CM5 predicted a decrease in average
daily maximum temperature for both 2045 and 2075 compared to 1980 baseline values and
an increase in average minimum temperatures for both 2045 and 2075. The CNRM-CM5
model projected the lowest change in both temperature and precipitation while HADGEM2-
AO projected the largest increase change for both climate variables. The summary of the
daily average values and change statistics for historical baseline and projected climatic
variables are shown in Table 3.

Table 3. GCM projected average daily climatic variables and percentage change to 1980 baseline values.

Climate Data
Type

Precipitation
(mm/day)

Precipitation
Change (%)

Maximum
Temperature

(◦C)

Maximum
Temperature
Change (%)

Minimum
Temperature

(◦C)

Minimum
Temperature
Change (%)

Baseline_1980 3.93 24.42 10.69
CNRM-

CM5_2045
3.62 −7.89 24.29 −0.53 11.33 5.99

CESM1-
BGC.1_2045

3.99 1.53 27.42 12.29 14.75 37.98

HADGEM2-
AO.1_2045

3.91 −0.509 26.89 10.11 13.46 25.91

CNRM-
CM5_2075

3.63 −7.63 24.3 −0.49 11.32 5.89

CESM1-
BGC.1_2075

3.99 1.53 26.47 8.39 13.25 23.95

HADGEM2-
AO.1_2075

4.48 13.99 27.98 14.58 14.62 36.76

3.2. SWAT Model Calibration, Validation Results and Performance

Calibration and validation processes were performed to ensure acceptable perfor-
mance efficiency for the SWAT model. Measured streamflow data for USGS gage sta-
tions 02404400, 02413300, and 02425000 were used to calibrate (1995–2005) and validate
(1985–1995) the SWAT model. Six sensitive parameters were modified to calibrate total
streamflow, surface runoff, and baseflow. The calibrated parameters included CN2, ESCO,
SOL_AWC, ALPHA BF, GWQMN, and GW_REVAP (Table 4). The calibrated model was
further validated for the period 1985–1995. Statistical results for the monthly simulation
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calibration and validation processes for the different gage stations within the watershed are
listed in Table 5. For the calibration period, the SWAT simulated flow fitted well with the
observed data. The resulting NSE values ranged between 0.83 and 0.89, R2 values ranged
between 0.88 and 0.90 for the calibration period; NSE for the validation period ranged from
0.78 to 0.94, and the R2 ranged from 0.85 to 0.94. Figures 2 and 3 show the scatter plots and
results of the objective functions for all three gages used for the calibration and validation.

Table 4. Default and calibrated Soil and Water Assessment Tool (SWAT) variables values used in the study.

Streamflow
Calibration

Component
Variables

Description of Variables Default Value Calibrated Value Input File

Surface

CN2
SCS runoff curve number for

moisture condition II
27–94

Reduced by 4 for
all sub-basins

.mgt

ESCO
Soil evaporation

compensation factor
0.95 0.90 .bsn

SOL_AWC Soil available water capacity 0–0.35 Increased by 0.2 .sol

Baseflow

ALPHA_BF Groundwater recession factor 0.048d replaced with 0.3 .gw

GW_REVAP
Groundwater revap

coefficient
0.02 increased by 0.1 .gw

GWQMIN
Threshold depth of water in
the shallow aquifer required

for return flow to occur
1000 800 .gw

Table 5. Model performance statistics for streamflow calibration and validation.

Station Location USGS Gage No. Drainage Area (km2)
Calibration Validation

R
2 NSE R

2 NSE

Choccolocco Creek at
Jackson Shoal near

Lincoln
2404400 1245 0.88 0.87 0.92 0.92

Little Tallapoosa River
near Newell

2413300 1050 0.90 0.82 0.85 0.78

Cahaba River near
Marion Junction

2425000 4567 0.90 0.89 0.94 0.94

Figure 2. Scatter plot and objective functions for calibration period for (a) Choccolocco Creek at Jackson Shoal near Lincoln
at USGS Gage 02404400, (b) Little Tallapoosa River near Newell near Newell at USGS Gage 24133000, and (c) Cahaba River
near Marion Junction at USGS Gage 02425000.

While the model efficiency was good, SWAT produces poor simulation performance in
dry seasons and for low flow situations. The research analyzed the lowest 10 percentile of
flow for all three of the USGS gages used for the calibration (Figure 4). The scatter plots and
objective functions showed that the model under-predicted streamflow discharge during
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drought conditions or low flow situations. Low streamflow modeling and calibrations
are better assessed specific models [62], over long calibration periods, and with a targeted
multi-objective functions approach [63]. The ARB is a large basin, which has limited data
for low flows, considering monthly simulation over the calibration period. Moreover, the
research focused more on general streamflow changes, and SWAT model performance
efficiency from the objective functions and goodness of fits of the hydrographs were high
enough and appropriate for the climate change studies.

Figure 3. Scatter plot and objective functions for validation period for (a) Choccolocco Creek at Jackson Shoal near Lincoln
at USGS Gage 02404400, (b) Little Tallapoosa River near Newell near Newell at USGS Gage 24133000, and (c) Cahaba River
near Marion Junction at USGS Gage 02425000.

Figure 4. Scatter plot and objective functions for calibration of low flows (lower 10% percentile) for USGS gages (a) 02404400,
(b) 24133000, and (c) 02425000.

The hydrographs (Figures 5–7) of the measured and simulated streamflow data for
the calibration (1995–2005) and validation (1985–1995) periods show high goodness of fit
and a reliable measure of the performance of the SWAT model.
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Figure 5. Monthly streamflow hydrographs for (a) calibration and (b) validation periods at USGS gage 02404400, on the
Choccolocco Creek at Jackson Shoal near Lincoln.

Figure 6. Monthly streamflow hydrographs for (a) calibration and (b) validation periods at USGS gage 02413300, on the
Little Tallapoosa River near Newell.

Figure 7. Monthly streamflow hydrographs for (a) calibration and (b) validation periods at USGS gage 02425000, on the
Cahaba River near Marion Junction.
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3.3. Analysis of Simulated Baseline against Future Streamflow

Figure 8a,b show the relative change in monthly streamflow discharge between 1980
baseline against 2045 and 2075 simulated streamflow discharge values, respectively. The
majority of the relative changes ranged between –100% and 292% for 2045 and 2075, with
only HADGEM for June 2075 showing a higher change above 421%. There were decreased
changes up to 100% in streamflow for winter months for almost all scenarios and years,
and general increases for spring, summer, and fall seasons.

Figure 8. Percentage changes in monthly streamflow for 2045 (a) and 2075 (b) relative to 1980 baseline values.

Figures 9 and 10 show the simulated average monthly streamflow hydrographs and
Tables 6 and 7 show the average monthly streamflow discharge for the years 2045 and 2075,
for the three GCMs against that for 1980 (baseline). For the year 2045, average streamflow
discharge based on CNRM-CM5 and HADGEM2-AO.1 GCMs showed decreased values
compared to 1980 baseline values, while CESM1-BGC.1 simulated the highest increase in
streamflow discharge. For the year 2075, streamflow simulations based on all three GCMs
had higher/increased average annual streamflow discharge compared to 1980 baseline
value. However, the different GCMs streamflow hydrographs for both 2045 and 2075 had
higher monthly variabilities and peak flows compared to 1980 baseline values, especially
in winter, spring, and fall months Figures 9 and 10).

Seasonally, monthly streamflow increases between 50 and 250% were simulated for
spring and autumn months with decreases in summer months for 2045. Spring and summer
months for 2075 resulted in increased monthly streamflow between 50 and 300%, while
autumn and spring months had decreased streamflow. The year 2075 is expected to have
higher increased streamflow discharges with higher frequencies of variable peak flows.
This result is unique to the research area and southern USA region, yet similar to other
research findings that predicted future increases in temperature and moderate increases in
precipitation will result in increases in future streamflow discharge and variability in aver-
age daily and monthly streamflow discharge [32]. While the results are prone to inherent
uncertainties associated with the downscaling of the GCMs used, the hydrographs indicate
that the ARB is likely to experience generally slight increase in streamflow discharge for
2045 and a relatively higher increase in 2075, especially during the winter and spring
months, with higher frequencies in monthly peak flows.
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Figure 9. Simulated streamflow for1980 baseline and 2045 climate conditions.

Figure 10. Simulated streamflow for1980 baseline and 2075 climate conditions.

Table 6. Comparison of simulated 1980 baseline monthly streamflow (m3/s) to 2045 streamflow from the different General
Circulation Models (GCMs).

Months Baseline CESM (m3/s) CNRM (m3/s) HADGEM (m3/s)

January 523.58 33.61 35.15 6.19
February 1829.83 48.65 160.30 1.39

March 823.17 2112.00 867.90 504.60
April 416.82 1532.00 1333.00 692.00
May 493.85 1491.00 385.10 327.20
June 242.73 534.40 385.40 102.40
July 504.61 443.00 783.30 497.20

August 517.92 384.50 717.70 390.80
September 261.99 1028.00 392.90 262.90

October 354.82 534.90 328.10 1176.00
November 415.98 461.90 381.40 495.20
December 634.01 1277.00 731.80 1656.00

Average 584.94 823.41 541.84 509.32
Percentage change to 1980 baseline 40.77 −7.37 −12.93

Correlation between baseline and GCMs −0.18 −0.20 −0.22
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Table 7. Comparison of simulated 1980 baseline monthly streamflow (m3/s) to 2075 streamflow from the different GCMs.

Months 1980 Baseline CESM (m3/s) CNRM (m3/s) HADGEM (m3/s)

January 523.58 71.79 11.42 4.73
February 1829.83 2710.00 25.84 35.61

March 823.17 1765.00 3176.00 632.00
April 416.82 1466.00 983.60 753.20
May 493.85 946.00 1474.00 384.80
June 242.73 501.70 657.00 1266.00
July 504.61 396.40 1736.00 1596.00

August 517.92 266.40 536.40 1024.00
September 261.99 448.30 382.80 528.40

October 354.81 913.10 311.50 466.80
November 415.98 351.40 132.10 911.20
December 634.01 392.50 1466.00 1908.00

Average 584.94 852.38 907.72 792.56
Percentage change to 1980 Baseline 45.72 55.18 35.49

Correlation between baseline and GCMs 0.79 −0.01 −0.35

4. Conclusions

The goal of the study was to use an integrated modeling approach that assimilated
downscaled climate data into the SWAT model to estimate hydrologic responses to future
climatic variability and change within the ARB. The approach utilized data from three
CMIP5 GCMs under the IPCC medium emission scenario (RCP 4.5). After calibration and
validation, the SWAT model performed well in simulating historical streamflow within
the ARB, although the model under-predicted streamflow during dry season and low
flow conditions.

The projected climate conditions based on downscaled GCMs were compared to 1980
baseline conditions at a USGS gage within the watershed. This comparison indicated that
HADGEM and CESM projected increases in average minimum and maximum temperature
for the future climate conditions. Conversely, the CNRM model indicated that the climatic
variables would exhibit lower values, specifically temperature and precipitation when
compared to variables for the baseline year. In general, the research results indicate
situations of likely periods of increase and decrease in streamflow and water availability
during the periods from mid to end of the 21st century. It was projected that changes in
future climate conditions within the ARB could result in positive and negative changes
in monthly streamflow compared to the baseline years. It is expected that there would be
a slight increase in annual streamflow in 2045 and a considerable increase in 2075, under
medium emission scenario. The results indicate situations of likely increase and decrease
in mean monthly streamflow discharge and increase in the frequency and variability in
peak flows during the periods from mid to end of the 21st century. Seasonally, monthly
streamflow increases between 50 and 250% were simulated for spring and autumn months
with decreases in summer months for 2045. Spring and summer months for 2075 resulted
in increased monthly streamflow between 50 and 300%, while autumn and spring months
had decreased streamflow. As discussed earlier, the result is prone to inherent uncertainties
associated with the downscaling techniques used to convert GCM model outputs to scales
that are useful for hydrological modeling applications. Moreover, since SWAT under-
estimates low flows, this could have some level of uncertainty in the predicted changes in
future streamflow variabilities.

Nevertheless, the findings indicate potential periods of both increased and decreased
streamflow and resulting water availability impacts for the future mid and end of the cen-
tury. Changing water budgets and availability including droughts and flooding situations
could have adverse impacts on many sectors including agriculture, forestry, industries, and
hydroelectric power systems. These potential impacts raise questions about the need for
climate change adaptation to ensure efficient and sustainable management of water and
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water-related disasters within the research watershed, Alabama, and the U.S. in general.
The ARB is typical of many watersheds in the region; therefore, this study and results
provide information on how similar watersheds might respond to future climate changes.
Moreover, the study helps fill some of the research gaps and need for more informa-
tion on how projected climate changes could impact water quantity in southeastern USA
watersheds, specifically Alabama, which currently lacks studies related to climate changes.
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Abstract: The study explores the potential changes in water year types and hydrological droughts as
well as runoff, based on which the former two metrics are calculated in the Central Valley of California,
United States, in the 21st century. The latest operative projections from four representative climate
models under two greenhouse-gas emission scenarios are employed for this purpose. The study
shows that the temporal distribution of annual runoff is expected to change in terms of shifting more
volume to the wet season (October–March) from the snowmelt season (April–July). Increases in
wet season runoff volume are more noticeable under the higher (versus lower) emission scenario,
while decreases in snowmelt season runoff are generally more significant under the lower (versus
higher) emission scenario. In comparison, changes in the water year types are more influenced by
climate models rather than emission scenarios. When comparing two regions in the Central Valley,
the rain-dominated Sacramento River region is projected to experience more wet years and less critical
years than the snow-dominated San Joaquin River region due to their hydroclimatic and geographic
differences. Hydrological droughts in the snowmelt season and wet season mostly exhibit upward and
downward trends, respectively. However, the uncertainty in the direction of the trend on annual and
multi-year scales tends to be climate-model dependent. Overall, this study highlights non-stationarity
and long-term uncertainty in these study metrics. They need to be considered when developing
adaptive water resources management strategies, some of which are discussed in the study.

Keywords: water year type; hydrological drought; climate change; adaptive strategies; Central Valley

1. Introduction

There is growing evidence that global warming is changing the water cycle in terms of
altering the spatial and temporal distributions of water availability worldwide. Specifically,
changes in the magnitude, timing, frequency, and form of precipitation (rainfall/snowfall)
and runoff (rainfed runoff/snow melt/glacier melt) have been widely observed [1–9].
The changes are projected to intensify through the end of this century [10–15]. These changes
have profound impacts on water resources management, particularly in water-limited arid
or semi-arid environments, including the State of California, United States (U.S.).

As a globally important economy, California is the most populous State and one of
the most productive agriculture areas in the United States [16]. The State has built a vast
and complex water storage and transfer system to redistribute water from the wetter
northern half of the State to the drier southern half, which has a higher population and
water demand and, from the wet season to the dry season, when the demand is the highest
but precipitation is minimal, to support its population/agriculture and sustain its economy.
The system contains hundreds of dams, reservoirs, pumping and hydropower plants,
and thousands of kilometers of delivery aqueducts, canals, conduits, and tunnels [17,18].
Operations of the system are regulated by state and federal rules and decisions to ensure
that the flow and water quality standards are met for municipal, agricultural, and envi-
ronmental usage. These include the Water Right Decision 1641 (D1641) of the California
State Water Resources Control Board [19] and the more recent Biological Opinion (BO) of
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U.S. Fish and Wildlife Service [20], among others. The flow and water quality objectives
prescribed in D1641 and BO vary across different water year types (WYTs). WYTs are
classifications that designate the wetness or dryness (and thus water availability) of the
interested regions [21]. In California, five different types of water years are defined (wet,
above normal, below normal, dry, and critical) based on the wet season (October–March)
runoff and snowmelt season (April–July) runoff, together with preset runoff thresholds.
During the wet season, flood management is typically one of the highest priorities for water
managers; during the snowmelt season, water supply is normally a bigger concern. Before
snowmelt season starts or during the snowmelt season when the full April–July runoff is
not observable, the forecasted April–July runoff is applied instead. In operations, a set of
regression equations is used to forecast a range of April–July runoff volumes with different
occurrence probabilities (specifically a low, a most likely, and a high forecast with 90%,
50%, and 10% exceedance probabilities, respectively) to account for hydroclimatic uncer-
tainty in the period from the forecast time to the end of July [22–25]. In addition to WYTs
and flow volumes (e.g., with different exceedance probabilities), drought indices have
also been explored or applied to inform water operations, particularly drought response
and planning practices in California. These indices include the Palmer Drought Severity
Index [26], deciles [27], Standard Precipitation Index [28], Aggregate Drought Index [29],
Standardized Runoff Index [30], Standardized Precipitation-Evapotranspiration Index [31],
Multivariate Standardized Drought Index [32], and Groundwater Drought Index [33].

The determination and application of the water year classification, runoff quantiles,
and drought indices are based on the stationarity assumption that the future hydroclimate
in California would mimic the historical conditions. However, existing research has
reported non-stationary changes in hydroclimatic variables across the State. The changes
include warming [34,35], more rain versus snow in precipitation partition [36], declining
snowpack [3,37], earlier streamflow timing [38–40], among others. There is a strong
consensus that these changes are expected to manifest themselves in the future [41–43],
while there is much less certainty on the changing magnitudes that largely depend on
future greenhouse gas emissions [44,45]. A worldwide collaborative framework, titled
Coupled Model Intercomparison Project (CMIP), was designed to better understand future
climate uncertainty in a multi-model and multi-emission scenario context [46]. The CMIP
is developed in phases and it provides multi-model projected climate dataset (representing
the start-or-the-art climate science at the time when a specific phase is developed) to
support regional, national, and international assessment of climate change. The project is
currently in its sixth phase (CMIP6) [47]. However, phase five (CMIP5) is the most recent
completed and operative phase [48]. Based on downscaled CMIP5 climate projections
through the end the current century, California developed its latest (the fourth) climate
assessment (CCCA4) to guide statewide climate adaptive planning activities.

A number of studies have applied the CCCA4 dataset in assessing the potential
changes in California’s future hydroclimate and their impacts on the State’s water oper-
ations. Refs. [49,50] examined changes in precipitation and temperature. They reported
consistent warming across all of the climate models with large uncertainties in precipitation
changes on seasonal and annual scales. Refs. [51,52] investigated changes in future stream-
flow. They projected wetter wet season and drier dry seasons in the future. Refs. [53,54]
assessed the impacts of projected hydroclimatic changes on the State’s water system.
They concluded that, under the current system and operating rules, water deliveries
would become less reliable. Ref. [50] explored trends in the Standardized Precipitation-
Evapotranspiration Index and noted increasing meteorological drought risks across the
State particularly in dry regions. Nevertheless, no studies have analyzed the potential
changes in hydrological droughts, runoff quantiles, as well as water year type distribu-
tions in California based on the latest operative CCCA4 dataset. Ref. [21] evaluated how
climate change affects water year classification in the State. However, an older generation
of climate projections (from the third phase of CMIP, CMIP3) was utilized in that study.
CMIP5 has advances over CMIP3 in terms of model spatial resolution, concept of future
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radiative forcing, available variables, among others [55]. When compared to CMIP3 climate
projections, the CIMP5 projections have significant improvements on key Pacific climate
patterns and they show different climatic characteristics (wetter and warmer) in the Sierra
Nevada region of California [56,57].

The current study aims to fill this gap. Specifically, the study examines the potential
changes in water year type distribution, as well as hydrological drought and different
ranges of runoff (at temporal scales that are meaningful to practical water resources man-
agement operations in California) through the 21st century with non-stationary, but highly
uncertain, climatic conditions. The uncertainty in future climate is represented by a set
of climate models from the latest operative CMIP5 under two different greenhouse gas
emission scenarios. The rest of the paper is structured, as follows. Section 2 describes
the study area, variables, dataset, and metrics in detail. Section 3 presents the results and
findings of the study. Section 4 discusses the potential causes and implications of these
findings as well as future work. Section 5 summarizes the study.

2. Materials and Methods

2.1. Study Area

The Central Valley of California is a major water supply source for the State. It contains
the largest two river systems in the State, including the Sacramento River region on the
north and San Joaquin River region on the south (Figure 1). There is a large variation in
elevation in the Valley, which ranges from near sea level to about 3800 m. The Valley has
a Mediterranean-like climate, with hot/dry summers and cool/wet winters. The majority
of annual precipitation in the Valley occurs in the wet season (October–March). The high
elevations of the Valley typically receive more (than lower elevations) precipitation, due to
orographic effects during storms. The storm characteristics dictate the freezing elevation
above (below) which precipitation falls as snowfall (rainfall). Rainfall fuels winter runoff,
while the accumulated snow in high elevations melts out in the spring and early summer.
Rain runoff and snowmelt both drain to major reservoirs that serve multiple purposes,
including flood management (during the wet season) and water supply management (rest
of the year). In water planning and management practices, the California Department
of Water Resources (DWR) tracks the runoff of four major watersheds in the Sacramento
River region: Sacramento River above Bend Bridge (SBB), Feather River at Oroville (FTO),
Yuba River at Smartville (YRS), and American River at Folsom (AMF) as well as and four
important watersheds in the San Joaquin River region: Stanislaus River at New Melones
(SNS), Tuolumne River at Don Pedro (TLG), Merced River at Lake McClure (MRC), and
San Joaquin River at Millerton Lake (SJF). The sum of runoff from these four watersheds in
each region is used to represent the overall wetness of each region in practice.

Sacramento watersheds have lower elevations as compared to the San Joaquin water-
sheds, and, thus, are warmer in general [52]. Among four Sacramento watersheds, the me-
dian elevation varies from about 1357 m (SBB) to 1611 m (FTO). In contrast, the median eleva-
tion ranges from around 1549 m (MRC) to 2345 m (SJF) in San Joaquin watersheds. Overall,
Sacramento watersheds receive more precipitation and are geographically larger in size.
Therefore, the average total average annual runoff of Sacramento four rivers (21.6 billion m3)
is much larger when compared to that of the San Joaquin four rivers (7.1 billion m3). How-
ever, runoff from the San Joaquin watersheds is dominated by snowmelts, due to the
relatively higher watershed elevations. Snowmelt runoff, which is typically represented by
runoff of the snowmelt season from April–July, accounts for two-thirds of the annual total
runoff for San Joaquin four rivers (versus about one-third for Sacramento four rivers).

2.2. Study Variables and Dataset

This study focuses on Sacramento four rivers’ total runoff (SAC4) and San Joaquin four
rivers’ total runoff (SJQ4) at three temporal scales that are important to water operations
in California. These include the annual scale, wet season (October–March) scale, and
snowmelt season (April–July) scale. Runoff volumes at these three scales are applied in
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calculating operational water supply indices for Sacramento River region and San Joaquin
River region, which will be detailed in Section 2.3. When looking at projected trends in
hydrological drought (Section 3.3), the study also explores multi-year scales that range from
two to five years, since droughts historically occur at these multi-year scales in California.
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Figure 1. Location map showing four rivers in the Sacramento River region and four rivers in the San Joaquin River region
in the Central Valley of California.

Historical SAC4 and SJQ4 runoff data are derived from the monthly full natural flow
record for each study watershed. Those are operational data that are quality-controlled and
generally available since the 1900s (data sources provided in Appendix A). The projected
SAC4 and SJQ4 runoff are obtained from the recently released California’s Fourth Climate
Change Assessment (CCCA4; http://cal-adapt.org/). CCCA4 provides “the scientific
foundation for understanding climate-related vulnerability at the local scale and informing
resilience actions” across California [58]. CCCA4 produced a set of datasets for that pur-
pose. The datasets, including statewide daily downscaled (to 1/16th degree) precipitation
and temperature projections from 2006–2099 [59], as well as corresponding daily runoff
projections at each study watershed derived via the Variable Infiltration Capacity (VIC) hy-
drologic model (that is driven by those precipitation/temperature projections) [60]. Those
precipitation and temperature projections were generated via an ensemble of 32 general
circulation models (GCMs) that participated in the Coupled Model Intercomparison Project
Phase 5 (CMIP5) under two emission scenarios, named Representative Concentration Path-
ways (RCP) 4.5 (lower emission scenario) and RCP 8.5 (high emission scenario). The DWR
Climate Change Technical Advisory Group (CCTAG) rigorously evaluated available GCMs
and identified a subset of 10 GCMs for use in California water resources planning. These
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10 GCMs can “produce reasonably realistic simulations of global, regional, and California-
specific climate features” and they are deemed as “currently the most suitable for California
climate and water resource assessment and planning purposes” [52]. Out of those CCTAG-
selected 10 GCMs, CCCA4 further identified four representative priority GCMs spanning
the precipitation and temperature changes in all GCMs that closely simulate California’s
climate [61]. Those four GCMs include (1) a “cool/wet” model CNRM-CM5; (2) an “aver-
age” model CanESM2; (3) a “warm/dry” model HadGEM2-ES; and, (4) a “complement”
model MIROC5 that “is most unlike the first three models for the best coverage of different
possibilities” (referring to Table A1 in Appendix A for more information on the GCMs).
Seven metrics covering different seasonal and annual precipitation and temperature mea-
sures were utilized in selecting these four models out of 32 available models. Each model
was ranked for each of the seven metrics. A weighted rank was determined for each model
based on which selection was made. For a detailed explanation on the selection criteria and
procedure, the readers are referred to [61]. It is worth noting that, in climate change studies,
it is not uncommon to examine the mean of projections from an ensemble of climate models.
In the current study, since an “average” model (CanESM2) has already been included as
one of the study models, which was deemed to be representative of the average conditions
of all GCMs [61], no additional model-averaging was applied to avoid repetition.

To summarize, the study variables are derived via the following procedure:

(1) Daily precipitation and temperature projections under RCP4.5 and RCP 8.5 from an
80-year period (2020–2099) at each study watershed from these four GCMs are used
in order to drive the VIC model to generate corresponding runoff projections in the
same period.

(2) The runoff projections are bias-corrected to historical data. The bias-correction method
is detailed in [61]. Appendix A provides the sources of the bias-corrected runoff
projections.

(3) For each watershed, the bias-corrected daily runoff projection is aggregated to April–
July total runoff volume, October–March total volume, and annual total volume.

(4) For the Sacramento River region (San Joaquin River region), the corresponding total
runoff volumes from four rivers in the region are summed together to yield SAC4
(SJQ4) April–July total volume, October–March total volume, and annual total volume.
The resultant variables are utilized to determine the water year types as well as the
standardized streamflow index (explained in detail in the following Section 2.3).

(5) Changes are obtained by comparing those bias-corrected SAC4 and SJQ4 runoff
projections against the corresponding SAC4 and SJQ4 runoff observations during
an equal length of historical period from 1920–1999. Appendix A also provides the
sources of historical runoff data.

2.3. Study Metrics

This study investigates changes in the exceedance probabilities of seasonal (wet
and snowmelt seasons) and annual runoff, water year types, and a standard streamflow
drought index.

The California Department of Water Resources (DWR) adopts five water year types
in planning and management operations [21]. There are five different types, including
wet year (W), above normal year (AN), below normal year (BN), dry year (D), and critical
year (C). The classification is based on a water year index that is derived from full natural
flow measurements. For the Sacramento River region, the water year index (WYI) is
calculated as:

WYISAC = 40% × AJSAC4 + 30% × OMSAC4 + 30% ∗ WYISACPre (1)

where AJSAC4 and OMSAC4 represent the April–July runoff and October–March runoff of
Sacramento four rivers in the current water year (in the unit of million acre-feet, MAF);
WYISACPre is the water year index of the previous water year. If WYISACPre exceeds
10 MAF, then 10 MAF is be applied instead. A water year with WYISAC above 9.2 MAF

95



Climate 2021, 9, 26

(below 5.4 MAF) is classified as a wet year (critical year). Otherwise, when WYISAC
exceeds 7.8 MAF (less than 6.5 MAF), a water year is defined as an above normal year (dry
year). Finally, a year with WYISAC ranging from 6.5 to 7.8 MAF is designated as a below
normal year.

Similarly, the WYI for San Joaquin River region is determined as:

WYISJQ = 60% × AJSJQ4 + 20% × OMSJQ4 + 20% × WYISJQPre (2)

When compared with WYISAC, calculation of the WYISJQ applies 20% greater weight
to snowmelt period runoff and reduces the wet period runoff and the influence of the
previous year’s index by 10%. The WYISJQPre is capped at 4.5 MAF (rather than 10 MAF
for WYISACPre) [21]. The smaller cap in the previous year’s index and higher coefficient
for April–July runoff (mostly from snowmelt) reflect the relatively smaller annual runoff
received in more snow dominated San Joaquin River region (versus Sacramento River
region). Accordingly, the thresholds utilized in classifying water year types in San Joaquin
River regions are also different. A water year is designated as a wet (critical) year when
the calculated WYISJQ is over 3.8 MAF (below 2.1 MAF). Otherwise, when WYISJQ exceeds
3.1 MAF (less than 2.5 MAF), a water year is classified as an above normal year (dry year).
When WYISJQ ranges from 2.5 MAF to 3.1 MAF, the year is defined as a below normal year.

In addition to water year types, the runoff volumes with different exceedance probabil-
ities that guide water operations in California are further examined here. One operational
example is that in DWR’s official water supply forecasts [22], in addition to the most proba-
ble (median) forecast, a low forecast (with 90% exceedance probability) and a high forecast
(10% exceedance) are also issued. In light of that, this study further looks at changes in
runoff at seasonal (October–March and April–July) and annual scales that are represented
by different exceedance probabilities.

Finally, effective drought management is imperative in securing reliable water supply
and sustaining economic development in California. Standardized drought indices are
typically applied in supporting drought management practices in the State [62]. This study
examines the projected changes in a nonparametric drought index, titled Standardized
Streamflow Index (SSI), for SAC4 and SJQ4 at designated time scales. This index is cal-
culated via the Standardized Drought Analysis Toolbox (SDAT) of [63]. The SDAT uses
the empirical Gringorten plotting position for deriving the marginal distribution of the
target historical or projected runoff variable. The empirical probability of the variable
is then transformed into a standardized value. This method requires no assumption on
a parametric distribution function and, thus, no parameter estimation. Typically, a value of
SSI over 2 (less than −2) indicates extremely wet conditions (extreme droughts). Other-
wise, a value larger than 1 (smaller than −1) designates wet conditions (dry conditions).
SSI ranging from −1 to 1 indicates a neutral condition. This study further assesses the
trends in projected SSIs. For this purpose, the widely used non-parametric Mann–Kendall
test [64,65] is employed to assess the significance of a trend with a significance level of 0.05.
The non-parametric Theil–Sen approach [66,67] is utilized for determining the trend slope.

3. Results

3.1. Exceedance Probability

Figure 2 depicts the exceedance probability curves of the observed and projected
Sacramento four rivers’ (SAC4) total runoff volume on three temporal scales (water year,
October–March, and April–July). The sample size for each probability curve is 80, covering
1920–1999 for the observations and 2020–2099 for the projections, respectively. The “com-
plement” (MIROC5) and “warm/dry” (HadGEM2-ES) models project generally similar
annual (water year total) runoff as the historical baseline. Meanwhile, the “cool/wet”
(CNRM-CM5) and “average” (CanESM2) models both project higher annual runoff across
all of the exceedance probabilities under both emission scenarios (Figure 2a). However, for
October–March runoff, all of the models tend to project higher volumes than the historical
baseline under both emission scenarios (Figure 2b). This is particularly the case for the
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“cool/wet” model. Conversely, for April–July runoff, all models project lower than the
baseline volumes (Figure 2c). For a specific model, declines in the April–July runoff are
more pronounced under the higher emission scenario when compared to the lower emis-
sion scenario. In Sacramento River region, historical October–March runoff accounts for a
majority of the annual total runoff (red curves in Figure 2a,b). Projected decreases in April–
July runoff are outweighed by projected increases in October–March runoff (Figure 2b,c,
note the scale difference between these two panels), leading to overall increases in total
annual runoff projections. Comparing two emission scenarios, the “cool/wet” model and
the “average” model generally predict higher October–March runoff and lower April–July
runoff under the higher emission scenario. The “warm/dry” model projects more annual
and October–March runoff and less April–July runoff under the higher emission scenario,
while the results are mixed for the “complement” model across three time scales.
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Figure 2. Exceedance probability curves for observed and projected (a) water year; (b) October–March; and, (c) April–July
total SAC4 runoff volume. Note the scale difference in Y-axis across three panels.

Similarly, San Joaquin four rivers’ (SJQ4) total annual runoff is projected to increase
across nearly all of the exceendance probabilities via the “cool/wet” model (CNRM-CM5)
and the “average” model (CanESM2) (Figure 3a). The increases are generally larger for
higher flows with lower exceendance probabilities. Meanwhile, the “complement” model
(MIROC5) and “warm/dry” model (HadGEM2-ES) project similar annual runoff to the
the historical baseline. One difference from the Sacramento rivers (SAC4) is that the “com-
plement” projection on SJQ4 tends to be slightly drier than the corresponding baseline.
Similar to the Sacramento River region, the San Joaquin River region is expected to expe-
rience larger volumes of October–March runoff than the baseline in all of the projections
(Figure 3b). The increases are larger for runoff volumes with lower exceendance probability.
Different from the Sacramento River region, not all four models project decreases in the
April–July runoff (Figure 3). The “cool/wet” model projects increases under both of the
emission scenarios for the San Joaquin River region. The “average” model also projects
increases under the higher emission scenario. This difference highlights the geographic
differences between these two regions, which will be discussed in Section 4. Finally, under
the higher emission scenario, the “cool/wet” model projects higher October–March runoff
and lower April–July runoff, while the “average” model predicts higher runoff across all
three time scales, a result that is consistent with the Sacramento River region.

In brief, projections for both of the regions share some common features. The “cool/wet”
model and “average” model project increases in annual runoff and all four models project
increases in the October–March runoff for both regions under both emission scenarios. In
addition, under the higher emission scenario, the “cool/wet” model projects more (than
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historical baseline) October–March runoff and less April–July runoff, while the “average”
model projects increased runoff across all three time scales for both of the regions. There
are also some differences, a significant one of which is that while all models project de-
creases in April–July runoff in the Sacramento River region in most cases, the “cool/wet”
model projects increases in April–July runoff in the San Joaquin River region across most
exceedance probabilities, particularly under the lower emission scenario.
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Figure 3. Exceedance probability curves for observed and projected (a) water year; (b) October–March; and, (c) April–July
total SJQ4 runoff volume. Note scale difference in Y-axis across three panels.

3.2. Water Year Type

Historically (1920–1999), wet years, near-normal years (including above normal and
below normal years), and dry conditions (containing both dry and critical years) are almost
evenly distributed in the Sacramento River (Figure 4a; Figure A1 in Appendix A). When
compared to wet years (33%), dry conditions occur slightly more frequently (36%), while
near-normal years are marginally less (31%). During the historical period (1920–1999), crit-
ical years account for about one-sixth (16%) of years. Under the “complement” (MIROC5)
lower emission projection (Figure 4b), both wet years and dry conditions are expected to
decrease by 7% and 8%, respectively, when compared to the historical baseline. Mean-
while, near-normal years are projected to increase, particularly for below normal years
(12% increase). For the same climate model under the higher emission scenario (Figure 4f),
slightly more wet years and dry conditions are projected. Like the “complement” model,
the “warm/dry” (HadGEM2-ES) model projects are fewer (than historical baseline) wet
years under both emission scenarios. However, more critical years are expected in the
“warm/dry” projections when compared to the historical baseline.

The “cool/wet” (CNRM-CM5) projection and “average” (CanESM2) projection are
strikingly different from that of the “complement” projection and “warm/dry” projection.
Under the lower emission scenario (Figure 4c,d), the wet years are expected to markedly
increase, while the dry conditions are projected to decline distinctly compared to the
historical baseline. When compared to the “average” model, the “cool/wet” model projects
even more wet years (62% versus 49%) and less critical years (4% versus 5%). The “average”
model projects more near-normal years (44%) than both the “cool/wet” model (29%) and
the corresponding historical baseline (31%). Under the higher emission scenario, the
“cool/wet” model projects fewer wet years and more near-normal years, while the changes
in dry conditions are minimal when compared to that of the lower emission scenario
(Figure 4g versus Figure 4c). The “average” model projects more wet years, more dry
conditions, and less near-normal years (Figure 4h versus Figure 4d).
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Figure 4. Historical and projected water year type distribution of SAC4.

Like the Sacramento River region, the San Joaquin River region observes nearly evenly
distributed wet, near-normal, and dry/critical years in the historical period (Figure 5a;
Figure A2 in Appendix A). However, it experiences slightly fewer wet years (3% less) and
more critical years (4% more). When compared to the historical baseline, both the “comple-
ment” model (MIROC5) and the “warm/dry” model (HadGEM2-ES) project fewer wet
years and significantly more critical years under both emission scenarios (Figure 5b,e,f,i).
Even fewer wet years are expected under the higher emission scenario and for the “com-
plement” model. Both of the models project that approximately 50% of years are expected
to be in dry or critical years (versus 34% in the historical baseline). Contrariwise, the
“cool/wet” model (CNRM-CM5) projects remarkably more wet years and fewer critical
years (Figure 5c,g). Particularly under the lower emission scenario, the wet years are pro-
jected to nearly double, while the critical years and the overall dry conditions are expected
to roughly decrease by half. The “average” model (CanESM2) also projects an increase
in wet years (Figure 5d,h). However, the increase is relatively milder when compared to
that of the “cool/wet” model, particularly under the lower emission scenario. In addition,
the declines in critical years and the overall dry conditions in “average” projections are
also smaller.

In summary, the near uniform historical distribution of wet years, near-normal years,
and dry (including critical) years in both Sacramento River and San Joaquin River regions
is projected to significantly change in almost all of the models and emission scenarios
analyzed here. In general, the “cool/wet” and “average” models project more frequent wet
years and less critical and dry years. Conversely, the “warm/dry” model project fewer wet
years and more critical years. The “complement” model projects fewer wet years overall.
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When comparing two regions, more critical years are consistently projected in the San
Joaquin Region across all the climate models under both emission scenarios.
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Figure 5. Historical and projected water year type distribution of SJQ4.

3.3. Standardized Streamflow Index

During the historical period (water year 1920–1999), there are slightly more dry
conditions (AJ SSI < 0 for 56% of the time) than wet conditions (AJ SSI > 0 for 44% of
the time) in the Sacramento River region (Figure 6a) in terms of the April–July Standard
Streamflow Index. There are two extremely wet cases (1952 and 1983) and two extremely
dry cases (1924 and 1977), respectively. The mean and variance of the index are −0.1 and
1.0, respectively (Table A2 in Appendix B). Except for the “cool/wet” model (CNRM-CM5)
under the lower emission scenario, dry conditions are projected to increase, ranging from
3% (“cool/wet” model under RCP 8.5) to 13% (“average” (CanESM2) and “warm/dry”
(HadGEM2-ES) models under RCP 8.5) in all other cases as compared to the historical
baseline. Extremely wet conditions are expected to consistently decrease across all models
under both emission scenarios. Both the “complement” and “cool/wet” models project
increases in the number of extreme dry conditions under both emission scenarios, so
does the “warm/dry” model under RCP 4.5. However, the increases (from 2 to 3) are
moderate. The mean index values generally become smaller. In general, under both of the
emission scenarios, the “warm/dry” (“cool/wet”) projections have the smallest (largest)
mean values. Only the “cool/wet” and the “warm/dry” projections under RCP 4.5 exhibit
higher than the baseline variability, as they have higher variance values.
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Figure 6. Historical and projected April–July Standardized Streamflow Index (SSI) for SAC4. Values that are above the blue
dash line represent extremely wet conditions while values below the red dash line indicate extremely dry conditions.

Historically, when measured by April–July SSI (Figure 7), the distribution of wet
(48%) and dry conditions (52%) over the San Joaquin River region is similar to that of the
Sacramento River region. The former has the same number of extremely dry conditions
(in 1924 and 1977) as the latter, but with one less extremely wet condition. The mean (−0.09)
and variance (0.94) of the index of the former are also similar to their counterparts of
the latter (Table A2 in Appendix B). Differently, “cool/wet” (CNRM-CM5) and “average”
(CanESM2) models both project more (than the baseline) or similar wet conditions under
both emission scenarios. The corresponding mean April–July SSI values are also larger
than the historical mean. These two models also project more extremely wet conditions.
Conversely, the other two models (“complement” (MIROC5) and “warm/dry” (HadGEM2-
ES) project more extremely dry conditions. However, the magnitudes of projected increases
or decreases in extreme conditions are generally small (e.g., up to two more extremely wet
years and up to one more extremely dry year). In terms of variability, both “cool/wet”
and “warm/dry” projections have higher than the baseline variance under both emission
scenarios. The SSI indices on the annual and October–March time scales (Figures A1–A4
in the Appendices A and B) share some similarities with April–July SSI for both regions.
Specifically, projected changes in extremely wet and dry conditions are not expected
to be dramatic. Nevertheless, there are also some noticeable differences. One major
difference is that more wet conditions are expected based on annual SSI and October–
March SSI. This is particularly the case for October–March SSI, where nearly all four models
project wetter than baseline conditions over both regions under both emission scenarios.
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These observations are generally in line with what the runoff exceedance probabilities in
Figures 4 and 5 have shown.
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Figure 7. Historical and projected April–July SSI for SJQ4. Values above the blue dash line represent extremely wet
conditions, while values below the red dash line indicate extremely dry conditions.

In addition to the SSI time series that are depicted in Figures 6 and 7, the study
further examines the overall trend of historical and projected SSI indices. For projected SSI,
temporal scales that are longer than one year are also explored, as multi-year droughts are
not uncommon in California. Table 1 presents the corresponding trend slope information.
Table A3 of Appendix B provides the corresponding p-values. In the historical period
(1920–1999), SAC4 and SJQ4 SSIs have increasing trends on October–March and multi-
year (two to five years) scales, while the annual and April–July indices have decreasing
trends. The magnitude of the trend slope is the highest for both regions for April–July SSI.
However, all of the historical SSI trends are not shown to be statistically significant.

For the Sacramento River region, all of the models project downward trends in April–
July SSI, indicating that April–July is projected to become drier. The slopes that are associ-
ated with the “complement” model (MIROC5) and the “warm/dry” model (HadGEM2-ES)
under both emission scenarios are statistically significant. On annual and multi-year scales,
the “complement” model projections and “warm/dry” projections also exhibit downward
trends. In contrast, the “cool/wet” (CNRM-CM5) and “average” (CanESM2) models
project increasing trends. The increasing trends that are associated with the “average”
model are all statistically significant, along with the trends of the “cool/wet” projections
under the higher emission scenarios on multi-year scales. Regarding October–March SSIs,
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except for the “average” model and “warm/dry” model under the lower emission scenario,
increasing trends are projected in other cases.

Table 1. Trend slope of SSI indices (numbers in bold indicate statistically significant slopes).

Scenarios OM AJ WY Two-Year Three-Year Four-Year Five-Year

SAC4 Historical 0.005 −0.008 −0.001 0.003 0.004 0.004 0.005

MIROC5
(complement)

RCP 4.5 −0.002 −0.011 −0.005 −0.011 −0.016 −0.019 −0.022

RCP 8.5 0.004 −0.013 −0.002 −0.002 −0.004 −0.002 −0.004

CNRM-CM5
(cool/wet)

RCP 4.5 0.005 −0.001 0.004 0.005 0.007 0.008 0.007

RCP 8.5 0.007 −0.008 0.005 0.009 0.008 0.009 0.009

CanESM2 (average)
RCP 4.5 0.009 −0.003 0.008 0.010 0.009 0.001 0.011

RCP 8.5 0.011 −0.002 0.010 0.013 0.015 0.018 0.020

HadGEM2-ES
(warm/dry)

RCP 4.5 −0.004 −0.012 −0.007 −0.008 −0.011 −0.014 −0.016

RCP 8.5 0.001 −0.011 −0.004 −0.003 −0.007 −0.009 −0.010

SJQ4 Historical 0.004 −0.005 −0.002 0.002 0.002 0.002 0.000

MIROC5
(complement)

RCP 4.5 −0.003 −0.010 −0.008 −0.013 −0.019 −0.023 −0.027

RCP 8.5 0.002 −0.011 −0.006 −0.009 −0.009 −0.012 −0.015

CNRM-CM5
(cool/wet)

RCP 4.5 0.004 −0.002 0.002 0.000 0.001 0.000 0.000

RCP 8.5 0.008 −0.005 0.004 0.004 0.005 0.006 0.007

CanESM2 (average)
RCP 4.5 0.008 0.006 0.007 0.006 0.006 0.005 0.006

RCP 8.5 0.018 0.008 0.015 0.018 0.021 0.024 0.025

HadGEM2-ES
(warm/dry)

RCP 4.5 0.001 −0.008 −0.005 −0.008 −0.011 −0.014 −0.016

RCP 8.5 0.007 −0.008 −0.002 −0.004 −0.006 −0.007 −0.008

For San Joaquin River region, except for the “average” model (CanESM2), all of the
models project decreasing trends in April–July SSIs under both emission scenarios. How-
ever, only the “complement” (MIROC5) projections are statistically significant. On annual
and multi-year scales, similar to those of the Sacramento River region, the “complement”
model and “warm/dry” model (HadGEM2-ES) project decreasing trends in SSIs while it is
the opposite for the “cool/wet” model (CNRM-CM5) and “average” model. Only trends
of the “complement” model are mostly statistically significant, along with trends of the
“average” model under the higher emission scenario and most trends of the “warm/dry”
model under the lower emission scenario. For October–March SSIs, increasing trends
(wetter) are projected, with the exception of the “complement” model under the lower
emission scenario. In terms of magnitude, the trend slope values of the “average” (“com-
plement”) model are generally larger than that of the “cool/wet” (“warm/dry”) model.
Projections under the higher emission generally have larger (smaller) slope values than
their lower emission scenario counterparts for the “cool/wet” model and “average” model
(the “complement” model and the “warm/dry” model).

In summary, the projected changes in SSI vary across different climate models and
emission scenarios, as well as across different temporal scales. Overall, April–July SSIs
and October–March SSIs tend to decline and increase throughout the projection period,
respectively, highlighting the non-stationarity in these projections. The “complement” model
and “warm/dry” model generally project negative (i.e., drier) trends in SSIs on annual and
multi-year scales, while it is the opposite for the other two models. Despite these differences,
projected changes in the number of extremely wet conditions and extreme drought are not
substantial according to all four models under both of the scenarios in both study regions.
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4. Discussion

4.1. Attribution of Potential Changes

This study indicates that water year types, annual and seasonal runoff volumes,
and hydrological droughts through the end of this century are expected to change from
the corresponding historical baselines. The changes vary across different projection
models under different emission scenarios. Some of the changes are common to both
the Sacramento River region and San Joaquin River region, while the others are region-
specific. These changes stem from projected changes in the precipitation and temperature,
which are the basis of runoff projections, as well as the geographic differences between
two regions.

All four GCMs suggest non-stationary increases in the October–March temperature
over both of the regions. The increases are more noticeable under the higher emission
scenarios than in the lower emission scenarios (Table 2; Figures A7 and A8, and Table A4 in
Appendix B). Previous studies have reported that future warming is expected to elevate the
freezing elevation, leading to more precipitation falling as rainfall rather than snowfall [8],
earlier snowmelt [68], and more winter runoff [38,39]. October–March precipitation is also
projected to increase in most models, with greater increases expected under the higher
(versus lower) emission scenario. The compound effect of warming and increases in
precipitation is to increase runoff during October–March, particularly under the higher
emission scenario, which confirms what Figures 2b and 3b show.

Table 2. The mean of historical (1920–1999) and projected (2020–2099) precipitation and temperature
data at annual and seasonal scales.

Scenarios
Precipitation (mm) Temperature (◦C)

OM AJ WY OM AJ WY

SAC4 Historical 820 169 1018 4.5 13.8 9.8

MIROC5
(complement)

RCP 4.5 858 135 1027 5.4 15.5 11.1

RCP 8.5 864 142 1039 6.1 16.0 11.8

CNRM-CM5
(cool/wet)

RCP 4.5 1064 166 1275 5.9 15.7 11.4

RCP 8.5 1090 165 1294 6.9 16.7 12.5

CanESM2
(average)

RCP 4.5 996 162 1219 6.1 16.1 11.8

RCP 8.5 1045 159 1287 7.1 17.3 13.0

HadGEM2-ES
(warm/dry)

RCP 4.5 807 147 991 6.0 16.2 11.8

RCP 8.5 848 146 1029 7.2 17.4 13.1

SJQ4 Historical 869 166 1060 3.5 11.7 8.3

MIROC5
(complement)

RCP 4.5 838 130 998 4.7 14.0 10.1

RCP 8.5 839 126 990 5.4 14.7 10.8

CNRM-CM5
(cool/wet)

RCP 4.5 1127 151 1317 4.9 14.0 10.1

RCP 8.5 1138 149 1325 6.0 15.0 11.2

CanESM2
(average)

RCP 4.5 1016 145 1211 5.2 14.0 10.4

RCP 8.5 1157 142 1364 6.3 15.3 11.6

HadGEM2-ES
(warm/dry)

RCP 4.5 876 137 1048 5.0 14.5 10.4

RCP 8.5 879 142 1054 6.3 15.5 11.7

April–July runoff largely comes from snowmelt, as 1 April is typically deemed as the
date when snowpack peaks in the mountainous areas of California [69]. The projected non-
stationary warming in the wet season likely leads to earlier snowpack peak and melting [70],
resulting in a smaller-than-usual snowpack on 1 April and, thus, less April–July runoff.
This is particularly the case under the higher (versus lower) emission scenario where higher
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warming is projected. April–July precipitation also contributes to runoff during this period.
On average, all four GCMs project non-stationary decreases in the April–July precipitation
under both emission scenarios for both regions (Table 2). This confirms the decline in
April–July runoff across nearly all of the exceedance probabilities in Sacramento River
region, as shown in Figure 2c. However, in the San Joaquin River region, the “cool/wet”
model suggests mostly increases in April–July runoff (Figure 3c). The apparent difference is
most likely attributable to differences in the regions’ elevations. Because Sacramento River
watersheds are generally lower, a increasing freezing elevation that is caused by warming
likely caps most parts of these watersheds, depending on the magnitude of warming, and
leads to significantly reduced snowpack accumulation. In contrast, the higher elevation
of San Joaquin River watersheds makes them more resilient to a rising freezing elevation.
Figure 8 depicts the trends in historical and projected 1 April snow water equivalent (SWE)
for both of the regions. Historically, the Sacramento River region has a downward trend,
while the San Joaquin River region has a slightly upward trend, although both trends are
not statistically significant. During the projection period (2020–2099), all four GCMs project
significant decreasing trends in 1 April SWE in the Sacramento River region, particularly
under the higher emission scenarios where greater warming is expected (versus the lower
emission scenario). In comparison, for the San Joaquin River region, only one model
(“complement”) projects a significant negative trend under the lower emission scenario
and three models (all but the “average” model) suggest a significant negative trend under
the higher emissions scenario. This result suggests that the San Joaquin River region is
less hydrologically sensitive in a warming climate as compared with the Sacramento River
region, a finding that is replicated in previous studies [52,71,72].
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Figure 8. Trend Slope of 1 April Snow Water Equivalent for (a) SAC4 and (b) SJQ4 during historical
(1930–1999) and projected periods (2020–2099) under different scenarios. Value in the bracket
represents the corresponding p-value. H: historical; MIL: MIROC5 RCP 4.5; MIH: MIROC5 RCP 8.5;
CNL: CNRM-CM5 RCP 4.5; CNH: CNRM-CM5 RCP 8.5; CaL: CanESM2 RCP 4.5; CaH: CanESM2
RCP 8.5; HaL: HadGEM2-ES RCP 4.5; HaH: HadGEM2-ES RCP 8.5. Appendix A provides the
corresponding data source.
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Any changes in October–March and April–July runoff will drive changes in annual
runoff, water year types, and hydrological droughts. Collectively, they account for over
95% of total annual runoff for both regions during the historical period. Their values
dominate the hydrological drought index calculation and water year type classification.
With regard to hydrological droughts, the projected decreases in April–July runoff and
increases in October–March runoff explain the overall negative trends in April–July SSIs
and positive trends in October–March SSIs in both regions under both emission scenarios
(Figures 6 and 7; Table 1). However, on the annual scale and multi-year scale, the projected
changes in SSIs vary with different climate models.

Regarding water year types, the water year index (based on which water year type is
determined) for Sacramento River region consists of 40% of April–July runoff and 30% of
October–March runoff (Equation (1)). In comparison, for the San Joaquin River region, these
ratios are 60% and 20%, respectively (Equation (2)). The study indicates that the October–
March runoff is projected to increase for both regions, particularly for the “cool/wet”
model and the “average” model. The study also shows that April–July runoff is expected
to decrease (with a few exceptions for the San Joaquin River region). Historically, the
October–March runoff and April–July runoff account for about tw-thirds of annual runoff
in Sacramento River region and San Joaquin River region, respectively. As such, increases
in October–March and decreases in the April–July runoff have different implications for
the two regions. For the Sacramento River region, increases in October–March runoff
are expected to outweigh projected decreases in April–July runoff, although the weight
that is assigned to the latter in water year index calculation (Equation (1)) is 10% higher
(versus nearly one-third lower in its contribution to annual runoff), leading to generally
higher water year indices. For San Joaquin River region, however, decreases in April–July
runoff are expected to largely dominate increases in October–March runoff, since (1) the
contribution to annual runoff from the former is almost twice of that from the latter; and
(2) the weight of the former (Equation (2)) is three times of that for the latter. Thus, the
resulting water year indices for the San Joaquin River region are expected to decline, when
compared to the historical baseline. These observations explain what has been illustrated in
Figures 4 and 5 that, in comparison with the San Joaquin River region, under any emission
scenario via any climate model, the Sacramento River region is projected to have (1) more
wet years; (2) more near-normal years (including above normal and below normal years);
and, (3) less critical years. Despite these differences, there are some similarities between
two regions that are climate model specific as different models project considerably different
future climate conditions (Table 2; Figures A7 and A8). Specifically, under “cool/wet” and
“average” projections, both of the regions are projected to experience more (than historical
baseline) wet years and less critical and dry years; under “warm/dry” projections, it is
the opposite (Figures 2 and 3). These uncertainties in future water year typing that are
rooted in climate models are somehow different from the findings reported in a previous
study [21], which projected (1) more (than the historical baseline) dry and critical years
while less normal and wet years in the Sacramento River region; and, (2) consistently more
(than the historical baseline) critical years in the San Joaquin River region throughout the
current century. In comparison, the current study suggests that there is less certainty among
different climate models on future changes in water year types. However, it is worth noting
that these two studies are not directly comparable in terms of that (1) the current study uses
climate projections from the latest operative climate models in the CMIP5 project (versus
CMIP3 projections in the [21] study) that are specifically selected for planning studies
in California (CCCA4); and, (2) the current study uses the observed (versus simulated
in the [21] study) water year types as the historical baseline in comparison; and, (3) the
current study examines the changes in a 80-year period (versus 50-year in the [21] study),
which provides more samples for each of five categories of water year types.
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4.2. Implications and Future Work

From a scientific point of view, the findings of the study highlight that (1) uncertainties
in climate change science (as represented by different climate models) have considerable im-
plications on changes in water year classification and hydrological droughts; and, (2) when
and where changes in runoff volumes and hydrological droughts (represented by trends)
manifest themselves in major water supply regions in California as a result of a changing
climate. The first point above underlines the importance of selecting climate models that
represent the start-of-the-art climate science in this type of analysis. The current study
utilizes four priority climate models that were recommended in California’s Fourth Climate
Change Assessment, which was based on CMIP5 projections. In fact, the newer CMIP6
projections are available at a considerably coarse spatial scale, although their use has been
largely limited to the research community at this point [47]. California’s next (fifth) climate
assessment is in the scoping phase, and it is expected to downscale and tailor CMIP6 projec-
tions for planning and management practices in the State. We will update the analysis based
on newer climate projections once they become available. The second point underscores that
stationarity will most likely not hold valid in a changing climate. Indices that are calculated
under the stationarity assumption will become less informative further into the future
when higher warming and larger changes (i.e., stronger non-stationarity) in precipitation
are projected. As discussed in [21], weights that are assigned to different predictors in
calculating water year indices (Equations (1) and (2)) or the threshold values applied in
classifying water year types may need to be updated in order to reflect a changing climate.
California Department of Water Resources is conducting a comprehensive study to develop
“adaptative” water year indices for both Sacramento River and San Joaquin River regions
by exploring a wide range of future possible and plausible climate conditions. This work
will be presented in a follow-up study.

From a practical standpoint, the findings of this study can inform decision-makers
in long-term water resources planning. For instance, this study indicates that wet season
runoff is projected to increase in both the Sacramento River and San Joaquin River regions
in the four representative models used. This indicates greater (than the historical) flooding
risks in both of the regions. In light of this, it is imperative to increase the resilience of the
current system to big floods. Another option is to divert flood water to recharge ground-
water. The potential benefits include flood risk reduction, land subsidence mitigation,
ecosystem enhancement, drought preparedness, among others. California Department
of Water Resources recently proposed an integrated water resource management strategy
that uses flood water for managed aquifer recharge on agricultural lands [73]. The State is
in the early phase of implementing this strategy. As another example, this study shows
that the April–July runoff is projected to increase in most cases, particularly for less snow-
dominated Sacramento River region. This implies increased drought risk and less reliable
water supply in spring and summer. In the most recent 2012–2015 statewide drought, the
State successfully explored various drought responses, including water conservation and
water transfer, using alternative water supply resources [74].

5. Conclusions

This study highlights the non-stationarity and long-term uncertainty in key variables
typically applied in guiding water resources planning and management in the State of Cal-
ifornia, United States. These variables include water year types as well as runoff volumes
and hydrological droughts at temporal scales that are meaningful to water operations.
Specifically, the study indicates that the temporal distribution of annual runoff is expected
to change in terms of shifting more volume to wet season from snowmelt season for
both major water supply regions in California. Increases in wet season runoff volume
are more noticeable under the higher (versus lower) emission scenario, while decreases
in the snowmelt season runoff are generally more significant under the lower (versus
higher) emission scenario. In comparison, changes in water year types are more influenced
by climate models, rather than emission scenarios. “Cool/wet” and “average” models
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both project more wet years and less critical years for both regions throughout the end
of this century, while the “warm/dry” model projects more critical years and less wet
years. When comparing two regions, generally speaking, the Sacramento River region is
expected to experience more wet years and less critical years than the San Joaquin River
region, due to their hydroclimatic and geographic differences. Hydrological droughts in
future snowmelt season and wet season exhibit upward and downward trends in most
scenarios, respectively. However, changing directions in hydrological droughts on annual
and multi-year scales tend to be climate-model and scenario dependent.

These findings suggest that adaptive water resources management strategies need
to take considerable uncertainty in future climate and the more certain hydro-climatic
non-stationarity into account. In light of these findings, California Department of Water
Resources (DWR) is exploring climate-adaptive water year typing methods and assessing
their potential impacts on the current water classification system and water operations in
the State. DWR is also developing plans to reduce flood risks and increase water supply
reliability. These efforts will be reported in our following-up studies.
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Appendix A. Historical Data and GCM Information

Data Sources:

(a) Historical full natural flow record
SBB: http://cdec.water.ca.gov/dynamicapp/staMeta?station_id=SBB
FTO: http://cdec.water.ca.gov/dynamicapp/staMeta?station_id=FTO
YRS: http://cdec.water.ca.gov/dynamicapp/staMeta?station_id=YRS
AMF: http://cdec.water.ca.gov/dynamicapp/staMeta?station_id=AMF
SNS: http://cdec.water.ca.gov/dynamicapp/staMeta?station_id=SNS
TLG: http://cdec.water.ca.gov/dynamicapp/staMeta?station_id=TLG
MRC: http://cdec.water.ca.gov/dynamicapp/staMeta?station_id=MRC
SJF: http://cdec.water.ca.gov/dynamicapp/staMeta?station_id=SJF

(b) Historical precipitation and temperature https://www.esrl.noaa.gov/psd/data/
gridded/data.livneh.html

(c) Historical snow water equivalent https://cdec.water.ca.gov/reportapp/javareports?
name=PAGE6

(d) California Fourth Climate Change Assessment streamflow projections https://cal-
adapt.org/tools/streamflow/

(e) California Fourth Climate Change Assessment precipitation and temperature projec-
tions https://cal-adapt.org/data/loca/

(f) California Fourth Climate Change Assessment snow water equivalent projections
https://cal-adapt.org/tools/snowpack
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Historical Water Year Type:
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Figure A1. Historical water year type classification in the Sacramento River region.
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Figure A2. Historical water year type classification in the San Joaquin River region.

Table A1. GCMs selected for this study 1.

Model ID Model Name Model Institution

Cool/wet CNRM-CM5
Centre National de Recherches Météorologiques/Centre Européen de

Recherche et de Formation Avancée en Calcul Scientifique

Average CanESM2 Canadian Centre for Climate Modeling and Analysis

Warm/dry HadGEM2-ES Met Office Hadley Centre/Instituto Nacional de Pesquisas Espaciais

Complement MIROC5
Atmosphere and Ocean Research Institute (The University of Tokyo), National

Institute for Environmental Studies, and Japan Agency for Marine-Earth
Science and Technology

1 Adapted from [61].
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Appendix B. Additional Results

                   
 

 

               

           

  ‐  
               

             
                 
  ‐                  

   
                   

                ‐    
   

       

       

 
                                 

                         
Figure A3. Historical and projected October–March SSI for SAC4. Values above the blue dash
line represent extremely wet conditions while values below the red dash line indicate extremely
dry conditions.
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Figure A4. Historical and projected annual SSI for SAC4. Values above the blue dash line represent
extremely wet conditions while values below the red dash line indicate extremely dry conditions.
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Figure A5. Historical and projected October–March SSI for SJQ4. Values above the blue dash
line represent extremely wet conditions while values below the red dash line indicate extremely
dry conditions.
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Figure A6. Historical and projected annual SSI for SJQ4. Values above the blue dash line represent
extremely wet conditions while values below the red dash line indicate extremely dry conditions.
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Table A2. Mean and variance of seasonal and annual SSI indices.

Scenarios
AJ OM WY

Mean Variance Mean Variance Mean Variance

SAC4 Historical −0.10 1.00 −0.04 1.03 −0.07 1.01

MIROC5
(complement)

RCP 4.5 −0.32 0.83 0.05 1.06 −0.07 1.01

RCP 8.5 −0.10 1.08 0.37 0.97 0.27 1.10

CNRM-CM5
(cool/wet)

RCP 4.5 −0.24 0.75 0.23 0.89 0.12 0.92

RCP 8.5 −0.30 1.02 −0.10 1.12 −0.18 1.10

CanESM2 (average)
RCP 4.5 −0.32 0.85 0.09 1.05 −0.06 1.01

RCP 8.5 −0.24 0.93 0.35 1.00 0.24 1.09

HadGEM2-ES
(warm/dry)

RCP 4.5 −0.32 0.85 0.26 1.13 0.13 1.25

RCP 8.5 −0.36 0.85 0.04 1.16 −0.10 1.06

SJQ4 Historical −0.09 0.94 −0.02 0.98 −0.08 0.97

MIROC5
(complement)

RCP 4.5 −0.28 0.86 0.00 1.07 −0.16 1.04

RCP 8.5 0.12 1.15 0.36 0.96 0.24 1.11

CNRM-CM5
(cool/wet)

RCP 4.5 0.00 0.89 0.24 0.86 0.11 0.93

RCP 8.5 −0.21 1.07 −0.02 1.27 −0.12 1.24

CanESM2 (average)
RCP 4.5 −0.31 0.86 0.02 1.11 −0.20 0.93

RCP 8.5 0.02 1.11 0.36 0.98 0.22 1.11

HadGEM2-ES
(warm/dry)

RCP 4.5 0.05 1.19 0.34 1.02 0.20 1.19

RCP 8.5 −0.23 1.03 0.07 1.24 −0.10 1.17

Table A3. p-values of trends in SSI indices presented in Table 1.

Scenarios OM AJ WY Two-Year Three-Year Four-Year Five-Year

SCA4 Historical 0.256 0.057 0.896 0.654 0.519 0.443 0.333

MIROC5
(complement)

RCP 4.5 0.764 0.004 0.275 0.011 <0.001 <0.001 <0.001

RCP 8.5 0.337 <0.001 0.749 0.738 0.535 0.663 0.479

CNRM-CM5
(cool/wet)

RCP 4.5 0.196 0.906 0.250 0.191 0.070 0.059 0.121

RCP 8.5 0.095 0.035 0.264 0.033 0.024 0.021 0.009

CanESM2 (average)
RCP 4.5 0.036 0.526 0.057 0.037 0.050 0.035 0.021

RCP 8.5 0.006 0.522 0.024 0.004 0.002 <0.001 <0.001

HadGEM2-ES
(warm/dry)

RCP 4.5 0.389 0.003 0.131 0.055 0.012 0.002 0.002

RCP 8.5 0.948 0.006 0.381 0.409 0.092 0.036 0.023

SJQ4 Historical 0.399 0.261 0.719 0.783 0.790 0.810 0.994

MIROC5
(complement)

RCP 4.5 0.522 0.006 0.046 0.001 <0.001 <0.001 <0.001

RCP 8.5 0.759 0.001 0.118 0.035 0.026 0.003 <0.001

CNRM-CM5
(cool/wet)

RCP 4.5 0.287 0.724 0.729 0.954 0.906 0.963 0.970

RCP 8.5 0.044 0.227 0.381 0.361 0.171 0.082 0.057

CanESM2 (average)
RCP 4.5 0.041 0.168 0.125 0.133 0.200 0.244 0.290

RCP 8.5 <0.001 0.057 <0.001 <0.001 <0.001 <0.001 <0.001

HadGEM2-ES
(warm/dry)

RCP 4.5 0.875 0.069 0.272 0.043 0.013 0.003 0.001

RCP 8.5 0.145 0.056 0.724 0.354 0.112 0.098 0.092
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Table A4. Slopes of trends in precipitation and temperature (bold number indicates that trend is statistically significant).

Scenarios
Precipitation (mm/Year) Temperature (Deg. C/Decade)

OM AJ WY OM AJ WY

SCA4 Historical 2.52 0.00 2.52 0.06 0.00 0.05

MIROC5
(complement)

RCP 4.5 −1.02 −0.40 −1.46 0.17 0.29 0.25

RCP 8.5 −0.54 −0.21 −0.28 0.41 0.46 0.45

CNRM-CM5
(cool/wet)

RCP 4.5 −0.30 0.28 0.33 0.30 0.28 0.30

RCP 8.5 3.39 −0.39 3.39 0.59 0.64 0.63

CanESM2 (average)
RCP 4.5 3.51 0.05 3.62 0.18 0.22 0.22

RCP 8.5 5.98 0.00 6.62 0.53 0.66 0.64

HadGEM2-ES
(warm/dry)

RCP 4.5 0.09 −0.18 −0.23 0.34 0.33 0.36

RCP 8.5 −0.12 −0.85 −0.47 0.57 0.74 0.69

SJQ4 Historical 1.33 −0.10 1.27 0.03 −0.05 −0.01

MIROC5
(complement)

RCP 4.5 −1.26 −0.26 −2.22 0.20 0.32 0.27

RCP 8.5 −1.34 −0.49 −1.64 0.44 0.49 0.48

CNRM-CM5
(cool/wet)

RCP 4.5 −2.19 0.33 −1.18 0.31 0.28 0.30

RCP 8.5 1.80 −0.50 1.52 0.59 0.70 0.63

CanESM2 (average)
RCP 4.5 2.38 0.03 2.31 0.19 0.16 0.20

RCP 8.5 7.65 0.03 8.60 0.55 0.59 0.59

HadGEM2-ES
(warm/dry)

RCP 4.5 0.16 −0.06 −0.37 0.35 0.32 0.36

RCP 8.5 0.61 −0.86 0.24 0.57 0.72 0.67                   
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Figure A7. Historical (water year 1920–1999) and projected (water year 2020–2099) annual precip-
itation (first row), October–March precipitation (second row), and April–July precipitation (Third
Row) for SAC4 (first column) and SJQ4 (second column). H: historical; MIL: MIROC5 RCP 4.5;
MIH: MIROC5 RCP 8.5; CNL: CNRM-CM5 RCP 4.5; CNH: CNRM-CM5 RCP 8.5; CaL: CanESM2
RCP 4.5; CaH: CanESM2 RCP 8.5; HaL: HadGEM2-ES RCP 4.5; HaH: HadGEM2-ES RCP 8.5. The
corresponding data source provided in Appendix A.
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Figure A8. Historical (water year 1920–1999) and projected (water year 2020–2099) annual tem-
perature (first row), October–March temperature (second row), and April–July temperature (Third
Row) for SAC4 (first column) and SJQ4 (second column). H: historical; MIL: MIROC5 RCP 4.5;
MIH: MIROC5 RCP 8.5; CNL: CNRM-CM5 RCP 4.5; CNH: CNRM-CM5 RCP 8.5; CaL: CanESM2
RCP 4.5; CaH: CanESM2 RCP 8.5; HaL: HadGEM2-ES RCP 4.5; HaH: HadGEM2-ES RCP 8.5. The
corresponding data source provided in Appendix A.

Acronyms and Abbreviations

AJ April–July
AMF American River at Folsom
AN Above Normal Years
BN Below Normal Years
BO Biological Opinion
CCCA4 California’s Fourth Climate Change Assessment
CMIP Coupled Model Intercomparison Project
D1641 Water Right Decision 1641
DWR California Department of Water Resources
FTO Feather River at Oroville
GCM General Circulation Model
MAF Million Acre-feet
MRC Merced River at Lake McClure
OM October–March
RCP Representative Concentration Pathways
SAC Sacramento Four Rivers
SBB Sacramento River above Bend Bridge
SDAT Standardized Drought Analysis Toolbox
SJF San Joaquin River at Millerton Lake
SJQ4 San Joaquin Four Rivers
SNS Stanislaus River at New Melones
SSI Standardized Streamflow Index
SWE Snow Water Equivalent
TLG Tuolumne River at Don Pedro
VIC Variable Infiltration Capacity Model
WYI Water Year Index
WYT Water Year Type
YRS Yuba River at Smartville
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Abstract: Global climate change is presenting a variety of challenges to hydrology and water resources
because it strongly affects the hydrologic cycle, runoff, and water supply and demand. In this study,
we assessed the effects of climate change scenarios on hydrological variables (i.e., evapotranspiration
and runoff) by linking the outputs from the global climate model (GCM) with the Soil and Water
Assessment Tool (SWAT) for a case study in the Lijiang River Basin, China. We selected a variety
of bias correction methods and their combinations to correct the lower resolution GCM outputs of
both precipitation and temperature. Then, the SWAT model was calibrated and validated using
the observed flow data and corrected historical GCM with the optimal correction method selected.
Hydrological variables were simulated using the SWAT model under emission scenarios RCP2.6,
RCP4.5, and RCP8.5. The results demonstrated that correcting methods have a positive effect on both
daily precipitation and temperature, and a hybrid method of bias correction contributes to increased
performance in most cases and scenarios. Based on the bias corrected scenarios, precipitation
annual average, temperature, and evapotranspiration will increase. In the case of precipitation and
runoff, projection scenarios show an increase compared with the historical trends, and the monthly
distribution of precipitation, evapotranspiration, and runoff shows an uneven distribution compared
with baseline. This study provides an insight on how to choose a proper GCM and bias correction
method and a helpful guide for local water resources management.

Keywords: GCM; bias correction methods; hydrological simulation; climate change

1. Introduction

Global climate change and its impact on hydrology and water resources have received special
attention due to its effects on land use and development [1]. The hydrologic cycle in watersheds is
changing greatly under the influence of global climate change. According to the fifth assessment report
of Intergovernmental Panel on Climate Change (IPCC5), the average global surface temperature has
risen by 1.5 ◦C since the industrial revolution, confirming that climate change is happening all over the
world [2,3] and brings out more obvious fluctuation of precipitation and evaporation at both annual
and interannual scales. This changing climate will eventually influence hydro systems, including
spatial and temporal runoff distribution as well as available water resources [4]. According to the 4th
version of the World Water Development Report (WWDR), the availability of water resources will
decrease as the human demand for water increases continuously. Under the dual effects of climate
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change and social development, some river basins are facing problems such as the frequent occurrence
of extreme hydrological events including drought and flood [5]. Climate is therefore becoming a crucial
factor of vulnerable changes in global water circulation.

One of the ways to analyze climate effects on runoff, evapotranspiration, and water resources
are Global Circulation Models (GCMs). GCMs provide insights of both historical and future climate
scenarios. It can simulate the evolution of the earth’s climate system and its state changes over time,
including the atmosphere, land surface conditions, sea, and ice [6]. The Coupled Model Intercomparison
Project 5 (CMIP5) developed new future climate scenarios called representative concentration pathways
(RCPs) [7] and gives many possibilities for future climate scenarios. Many countries and institutions
have made their own GCMs to provide convenience for climatic and hydrological researchers [8–10].
Several simulated GCMs have been used as an important input of Soil and Water Assessment Tool
(SWAT) models to assess the hydrological responses to climate change in many watersheds [3,4,11,12].
However, the direct use of GCM outputs in studies of hydrological impacts still remains a challenge as
the GCM output usually shows errors and uncertainties with observed data [1,13]. Thus, GCM output
should be either downscaled to match with the basin scale [14] or corrected to decrease the systematic
bias between simulated and observed data to increase model precision and accuracy before being used
in any climate and hydrological analysis.

For bias correction methods, correction techniques can be mainly classified into two categories:
simple scaling technique (mainly containing linear scaling (LS) and power transformation method (PT))
and sophisticated distribution mapping methods (with Empirical cumulation distribution function
(ECDF) of the most typical) [15]. Many researchers have evaluated the performances of different bias
correction methods. For example, Luo et al. [16] compared the effects of LS, DT (Daily Transition),
LOCI (Local Intensity Scaling), PT, VARI (Variance Scaling), and ECDF methods of either precipitation
or temperature in the Kaidu River Basin in Xinjiang, China, and found that ECDF performs better than
other methods. Teutschbein et al. [17] also made the introduction and comparison of these different
correction methods in Sweden, and also found that all the methods are effective, while distribution
mapping is of relatively more success.

Beside GCMs, hydrological modeling is also a powerful tool in the analysis of climate change
as it is responsible for providing information on the impacts of future scenarios in the availability
of water resources based on land use. There are numerous hydrological models developed by
many researchers [18–21]. In general terms, they can be classified into two categories: lumped and
distributed. Lumped hydrological modeling, such as the SIMHYD model [22] and Génie Rural à 4

paramètres Journalier (GR4J) model [23], places emphasis on physical principles, aiming at reproducing
the non-linear water balance occurring at a finite scale in the soil [24]. For example, Li et al. [3] simulated
and predicted the future runoff of the Tibetan Plateau by using a combination of the SIMHYD and GR4J
models. Distributed hydrological models, with Shertan and the variable infiltration capacity (VIC)
model being relatively typical, considered the spatial uneven distribution of environmental variables,
such as precipitation and different land uses, as compared with a lumped model [25]. It provides
many simulation functions and can expand runoff simulation to water resources and environmental
management [26]. Birkinshaw et al. [14] predicted the outflow of the Three Gorges Reservoir using
the Shertan hydrological model under climate change. The semi-distributed hydrological model is
another category that usually separates a large watershed into several sub-watersheds with simple
structure and higher accuracy [27]. The Soil and Water Assessment Tool (SWAT), a basin-scale and
physical-based hydrological model, is one of the most used semi-distributed models for hydrological
applications. For example, Muhammad et al. [12] used global climate data to drive the SWAT model
to analyze the future trends of temperature, rainfall, and runoff in different climate scenarios in
northwestern Pakistan. Luo et al. [1] constructed a harmony control model based on the coupling of the
SWAT hydrological model, water quality model, and ecological model based on the harmony theory.
However, the simulation results of the hydrological models often contain uncertainties including
parameter calibration and selection of hydrological models, but the main source is still from the bias
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and low resolution of GCM outputs [28,29]. Although studies have focused on different methods of
bias correction of GCM outputs, few studies have presented a combination method of bias correction
that may reduce errors more efficiently.

Moreover, there is no doubt that climate changes influence hydrological regimes, especially
evapotranspiration and runoff, but the changing hydrological variables would further simultaneously
affect the socioeconomic water resources supply and demand system because the amount of water
resources is mostly from precipitation. There are also a great number of studies that assess the
responses of water resources under climate change. For example, Chattopadhyay et al. [28] evaluated
evapotranspiration and hydrological droughts in the Kentucky River Basin by using SWAT. Fonseca
et al. [11] also assessed the total runoff changes under future RCPs of the Tâmega River Basin in the
north of Portugal by using the Hydrological Simulation Program FORTRAN (HSPF) model. Previous
studies have obtained abundant results of hydrological changes under climate change in arid and
semi-arid areas like northwest China. However, relatively fewer studies have put emphasis on
monsoon and humid areas with the same problems. Although arid or semi-arid areas are more likely
to encounter extreme hydrological events, especially droughts, monsoon and humid areas are no
better than arid areas as they are more likely to encounter flood disasters, which cause numerous
economic losses and a threat to human lives. For example, flood events almost happen every summer,
especially in Southern China. Therefore, it is still necessary to further analyze the mutual relationship
between the changing climate and hydrological processes, because future climate change is still giving
greater challenges to regional water supply and demand balance in more areas, which is of practical
significance to hydrology, water allocation, and scientific and sustainable water management.

In this paper, the links between climate and hydrology are studied to better understand the
impacts of hydrological variables on climate change and their responses to the water resources system.
The selection and analysis of GCM outputs are examined. The SWAT model is applied to simulate both
the historical and future runoff based on changing climates. The main objectives of this study are to (1)
analysis the historical and future GCMs outputs using several bias correction methods and their hybrid
method; (2) to explore the runoff and evapotranspiration response to future climate projections; and (3)
to give different strategies according to future scenarios to provide references for water management

2. Materials and Methods

2.1. Study area and data

The Lijiang River Basin is located in Guilin city, Guangxi, which is the branch basin of the Pearl
River Basin. It is enclosed between the latitude of 24◦40′ N–26◦00′ N and the longitude of 110◦00′ E
–110◦40′ E. It is a karstic area with elevation ranging from 17 to 2111 m, with an average elevation
of 1061 m. The average temperature of this area is 18 ◦C and the annual average rainfall is about
1500–2000 mm, and has a total area of 6375 km2 (Figure 1). The detailed observed data of each weather
or hydrological station are shown in Figure 1, and the meteorological and hydrological data are
from http://data.cma.cn/ and the local hydrological yearbook over years. Although the Lijiang River
Basin is located in South China, where the total amount of runoff from rainfall is relatively abundant,
hydrological extremes, including droughts and floods, are frequent. The uneven distribution of the
precipitation and runoff at both time and spatial scales is one of the effects of climate change in this
basin [5]. Climatic events, such as droughts and floods, are closely affecting people lives and local
economic development. Therefore, assessing the hydrological response to complicated climate changes
is of great necessity.
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Figure 1. Location of Lijiang River Basin with digital elevation model DEM, and meteorological and
hydrological stations.

The input data for SWAT modeling included the digital elevation model (DEM), hydrological,
and meteorological data. The DEM data of the shuttle radar topography mission (SRTM) with
resolution of 1 × 1 m were obtained from http://www.gscloud.cn. Hydrological data, including
observed streamflow, land use, and soil data, were retrieved from the local hydrological yearbook
and resource and environment data cloud platform (http://www.resdc.cn). Soil data were from
the harmonized world soil database (HWSD) and their parameters were determined by the
soil–plant–atmosphere–water (SPAW) tool. Climate data included both observed and GCM data,
containing precipitation, maximum/minimum temperature, relative humidity, sunshine duration,
and wind speed. Precipitation data were used to simulate the runoff, while others were used to simulate
the potential evapotranspiration. The climate data of both observed and GCM were all at a daily
scale. The observed data were from the meteorological stations presented in Figure 1, and GCMs were
based on the fifth assessment report (AR5) of Intergovernmental Panel on Climate Change (IPCC) and
developed several GCM data (http://www.ipcc-data.org/sim/gcm_monthly/AR5/index.html) of both
historical and RCPs. Considering there are dozens of GCM outputs within IPCC and it is unrealistic to
assess all of the GCM outputs, we used three GCMs (BNU-ESM, IPSL-CM5A-MR, and MIROC5) in
this study, and three future RCPs (RCP2.6, RCP4.5, RCP8.5) were used. These three GCMs included all
three RCPs and were presented just as an example to analyze the bias correction process and give a
reference on how to correct the bias of other GCMs. The GCM outputs were corrected with observed
data for the historical period of 1964–2005. Then, the corrected method was applied to the future
period of 2016–2055.
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2.2. Bias correction and Evaluation of GCM Outputs

2.2.1. Overview of Bias Correction Methods

Before setting up SWAT, the GCM outputs were preprocessed. GCMs often show significant biases
including systematic model errors if compared with observed variables, especially precipitation and
temperature [30]. To fully assess the future impacts of climate change on hydrological process, GCM is
an effective tool to generate future climate patterns. In contrast to climate reanalysis, GCMs used for
climate change impact assessment do not have the aim to fully represent observed daily values of
meteorological variables. Instead, they try to represent climatological patterns, such as mean, trend,
and seasonality. The reason is that GCM for reanalysis tries to meet initial conditions closely, but GCM
for climate change assessment tries to follow boundary conditions. The SWAT model is forced by
the original GCM simulations against the observed data. Bias correction is not required if there are
small biases between simulated and observed data; otherwise, it is required as it is not suitable for
hydrological modeling [18]. However, GCMs are usually based on climatological assumptions that
usually emerge some non-ignorable errors compared with observed data. The original purpose of
bias correction is, therefore, to make the GCM output close to the corresponding observed data as
much as possible to decrease the errors of GCM outputs. Table 1 lists the equations of multiple bias
correction methods and corresponding references used in this study. A detailed description of each
bias correction can be found in Supplementary Materials.

Table 1. Equations of multiple bias correction methods and corresponding symbol definition.

Correction
Methods

Mathematical Equations Coverage References

Linear Scaling (LS)
PLS

cor(t) = PGCM(t) × µm(Pobs(t))

µm(PGCM(t))

TLS
cor(t) = TGCM(t) + [µm(Tobs(t)) − µm(TGCM(t))]

Precipitation and
Temperature

[17]

Local Intensity
Scaling (LOCI)

s =
µ(POBS |POBS≥OBS,thres)−POBS,thres

µ(PGCM |PGCM≥GCM,thres)−PGCM,thres

PLOCI
cor (t) = max

(

0, POBS,thres + s
(

PGCM(t) − PGCM,thres

))
Precipitation [17,31]

Empirical
Cumulative
Distribution

Function (ECDF)

F(x) =
∫ x

0 f (t|α, β)dt = 1
βαΓ(α)

∫ x

0 tα−1e
− t
β dt x ≥ 0;α, β > 0

G(x) =
∫ x

−∞ g
(

t|µ, σ2
)

dt =
∫ x

−∞
1√
2πσ

e
− (t−µ)2

2σ2 dt

PECDF
cor (t) = ecd f−1

obs
[ecd fGCM(P(t))]

TECDF
cor (t) = ecd f−1

obs
[ecd fGCM(T(t))]

Precipitation and
temperature

[15,32]

Variance Scaling
(VARI)

TVARI
cor (t) =

[TLS(t) − µm(TLS(t))] ·
σm(Tobs(t))

σm[TLS(t)−µm(TLS(t))]
+ µm(TLS(t))

Temperature [33,34]

Symbols

P Precipitation
µ() Mean value
T Temperature
s Scaling factor

µ(A|B) The mean value of A that satisfies the condition of B

F(x), f(t|α,β)
Cumulative distribution function and probability density

function of Gamma distribution with two parameters α and
β. Precipitation variable obey this distribution

G(x), g(t|µ,σ2)
Cumulative distribution function and probability density

function of normal distribution with two parameters µ
andσ2. Temperature variable obey this distribution

ecdf Empirical cumulative distribution function
σ() Standard deviation

Subscripts

cor Corrected variables
obs Observed variables

GCM Original GCM variables
m Monthly interval

thres Threshold

123



Climate 2020, 8, 108

2.2.2. Hybrid Method

We also combined the bias correction methods to increase the correction precision, based on
the assumption that the hybrid method may correct GCM output bias more efficiently compared
with using only one method. We selected a combination of two of those methods in order to reduce
computational cost. For each hybrid, the output of the initial correction becomes the input of the hybrid
method. We use the hybrid of VARI&ECDF and LS&LOCI to correct temperature and precipitation,
respectively, in this study, while LS&ECDF is used to correct both temperature and precipitation data.
Thus, the developed hybrid bias correction is shown as follows:

TVARI&ECDF
cor (t) = ecd f−1

OBS

[

ecd f
(

TVARI
cor (t)

)]

(1)

PLS&LOCI
cor (t) = max

(

0, Pobs,THRES + s
(

PLS
cor(t) − PLS,thres

))

(2)

TLS&ECDF
cor (t) = ecd f−1

OBS

[

ecd f
(

TLS
cor(t)

)]

(3)

PLS&ECDF
cor (t) = ecd f−1

OBS

[

ecd f
(

PLS
cor(t)

)]

(4)

2.3. Description and Development of the SWAT Model

2.3.1. A brief Description of SWAT Model

The SWAT model is a typical semi-distributed model that has higher accuracy, which separates
a large watershed into several sub-watersheds that consist of hydrological response units (HRUs)
to increase its resolution. This includes a comprehensive coverage of basin behaviors and strong
compatibility with a geographic information system (GIS) and diverse algorithms for hydrological
processes [35]. For this study, we are evaluating the effects of climate change in runoff and
evapotranspiration. SWAT calculates runoff based on the Soil Conservation Service [36] for estimating
the amount of runoff under varying land use and soil types [37,38]:

Qsur f =
(Rday − 0.2S)2

Rday + 0.8S
(5)

S = 25.4
(1000

CN
− 10
)

(6)

where Qsurf, Rday, S, and CN denote surface runoff (mm), rainfall depth (mm), retention parameter,
and curve number. The curve number is determined by different types of land uses and soils that are
classified by hydrological groups. For details on runoff calculations, see [38].

The groundwater runoff is presented as follows:

Qgw =
8000KH

L2
(7)

where K, H, and L are the permeability coefficient (mm/d), depth of the diving surface (m), and the
distance from the watershed of the sub-basin to the main channel (m), respectively.

Potential evapotranspiration (PET) was evaluated before calculating actual evapotranspiration
using the Penman–Monteith equation:

ET0 =
0.408∆(Hnet −G) + γ 900

T+273 u2

(

e0
z − ez

)

∆ + γ(1 + 0.34u2)
(8)

where ET0 is the potential evapotranspiration (mm/d), ∆ is the slope vapor pressure curve (kPa/◦C), Hnet

is the net radiation (MJ/m2/d), G is the soil heat flux density (MJ/m2/d), T is air temperature at 2 m height
(◦C), u2 is wind speed at 2 m height (m/s), ez

0 and ez are the saturation and actual vapor pressure of air
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at height z (kPa), and γ is the psychrometric constant (kPa/◦C). Then, the actual evapotranspiration is
calculated by evaporating the rainfall intercepted by the plant canopy and calculating the maximum
amount of transpiration and sublimation/soil evaporation [38]. Therefore, evapotranspiration is
determined by many environmental variables including temperature, solar radiation, humidity, etc.

2.3.2. SWAT Model Setup

The Soil and Water Assessment Tool (SWAT) was developed to simulate the runoff of the watershed
in both historical and future periods under different scenarios of climate change. In this study, we used
ArcSWAT2012, which is the extensional toolbar of ArcGIS 10.2 to setup the SWAT model. The simulated
runoff of the historical period was used to calibrate and validate the performance of the SWAT model,
while projected GCM outputs were used to predict the runoff in the future period. SWAT was developed
based on the theory of the water balance equation [27,39]:

SWt = SWi +
t
∑

i=1

(

Pi −Qi,sur f − ETi − fi −Qi,gw

)

(9)

where SWt and SW0 (mm) are the soil water content at the tth and ith time interval, respectively.
In this case, subscript i is the initial time. Pi (mm), Qi,surf (mm), ETi (mm), fi (mm), and Qi,gw (mm) are
the precipitation, surface runoff, evapotranspiration, infiltration, and base flow at ith time interval.
The SWAT model first divides the watershed into several small sub-basins according to the Digital
Elevation Model (DEM) data and river system of the watershed. Then, the smallest unit of the
watershed, HRU, is generated based on soil, land use, and slope. Each HRU contains these three
elements. For this study, the watershed was divided in 29 sub-basins and 822 HRUs. Apart from DEM,
land use, and soil data, SWAT also needs daily climate data including precipitation, maximum and
minimum temperature, solar radiation, relative humidity, and wind speed to generate the hydrological
process of a watershed. Additionally, SWAT also contains a weather generator model (WXGEN) that
can generate water data or fill the gaps of observed climate data.

2.3.3. Model Performance Assessment

In this study, we used SWAT calibration and uncertainty program (SWAT-CUP) to evaluate the
uncertainty and its performance of parameters by using the sequential uncertainty fitting (SUFI2)
algorithm. We selected three years (1964–1966) for model warming up, while 1967–1975 and 1976–1984
were selected as calibration and validation periods, respectively. To evaluate the performance of the
SWAT model, R2, mean square error (MSE), and Nash–Sutcliffe Efficiency (NSE) were used. The value
of R2 and NSE range from −1 to 1 and from negative infinity to 1, respectively. In general, the closer
the values of R2 and NSE are to 1, the better the simulation effect is. If R2 is greater than 0.6, while NSE
is greater than 0.5, the simulation effect is satisfactory. If NSE is greater than 0.75, the simulation effect
is efficient. The expressions of R2 and NSE are shown below:

R2 =

[

n
∑

i=1

(

Qobs,i −Qobs

)(

Qsim,i −Qsim

)

]2

n
∑

i=1

(

Qobs,i −Qobs

)2 n
∑

i=1

(

Qsim,i −Qsim

)2
(10)

MSE =

n
∑

i=1

(

Qobs,i −Qsim,i

)2

var
(

Qobs,i

) (11)
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NSE = 1−

n
∑

i=1

(

Qobs,i −Qsim,i

)2

n
∑

i=1

(

Qobs,i −Qobs

)2
(12)

where Qobs,i and Qsim,i are the observed and simulated streamflow at ith time interval, respectively.
Qobs and Qsim are the average observed and simulated streamflow, respectively, during the entire
evaluating period.

3. Results

3.1. Assessment of the GCM Outputs Using Multiple Bias Correction Methods

Due to the various number of GCMs that are unrealistic to analyze the bias correction methods for
a full scale as there are dozens of GCM outputs, we selected and compared three GCM outputs for this
study as the examples to test which bias method is relatively better. Figure 2 shows the Taylor diagram
for the GCM corrections for daily data of 1964~2005. Measurements of evaluation include standard
deviation (STD), root mean square error (RMSE), and correlation coefficient (CC). The CC of each
original GCM of maximum temperature ranged from 0.6 to 0.8, while the CC of minimum temperature
ranged from 0.8 to 0.9. The standard RMSE of both maximum and minimum temperature ranged from
0.5 to 1. Even if there was a relatively good simulation of original GCM of temperature, there was still
an improvement of all the correction methods compared with original GCMs. To quantify the effect of
the improvement, we also compared each improved percentage, which is shown in Figure 2. It can
be seen from Figure 2 that for all three GCMs of temperature, each correction method is closer to the
corresponding original GCMs and the effect of the hybrid method is better than either of the single
methods in both CC and RMSE indexes.

Precipitation is more uncertain than temperature in terms of how dynamic the variable is, missed
data, and record errors. Many factors determine the amount of precipitation, which is the main source
of uncertainty. Moreover, when the frequency of precipitation data is higher, the error also increases.
That is why the daily simulation result of the original GCM is poor compared with temperature,
which is reflected by the CC of the original GCM only in the range from 0.01 to 0.1, and RMSE is
larger than 1 (Figure 2). In addition, for the same climate variables, the monthly simulation is better
than daily simulation results. Although the CC of the original GCM is very low, there is enough
room for improvement. All the correction methods perform well in terms of CC. The CC is around
0.2 compared with the value before correction (0.01 to 0.1), which is the reason why the percentages
of increase in CC have exceeded 100% (Table 2). However, the acute changes happen in RMSE in
the BNU-ESM and IPSL-CM5A-MR models, which is reflected by the minus value which means the
increasing trend of RMSE. Fortunately, the RMSE of MIROC5 performs well and all ECDF-corrected
methods in each model are effective. For this phenomenon, we can contribute it for the uncertainty
of the GCM itself that is determined by many factors, and the determinants may be also numerous
and extremely complicated. From Table 3, we can see that the ECDF-corrected method performs also
better in terms of NSE, and when it is combined with LS, the effect is greatly improved compared with
LOCI and its hybrid with LS. It can also be seen from Table 3 that the value of all other correcting
methods has greatly improved compared with the original GCM, which demonstrated that all the
correcting methods have a positive effect. The effect of the hybrid method of precipitation can also be
superimposed, except in the MIROC5 model and LS&LOCI method in the IPSL-CM5A-MR model.
Although the value of NSE is slightly less than 0, the NSE value of the hybrid method is greatly better
than the original and corresponding single GCM. This means the simulation of the process may have
errors due to the uncertainty and complicated determinants, but the overall simulation result is reliable.
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Figure 2. Taylor diagrams comparing the original and corrected GCMs of different methods of
precipitation and minimum and maximum temperature of both daily (1960.1.1–2005.12.31) and monthly
(1960.1–2005.12).
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Table 2. The percentage of change of correlation coefficient CC and root mean square error in each
corrected method relative to the original daily precipitation as well as temperature of GCMs (unit: %).

Predictions
Correcting
Methods

CC RMSE

BNU-ESM IPSL-CM5A-MR MIROC5 BNU-ESM IPSL-CM5A-MR MIROC5

Precipitation

LS 115.34 174.44 154.82 −6.70 −17.23 12.94
ECDF 17.93 53.92 62.64 1.36 2.21 19.10
LOCI 120.99 224.29 163.86 −9.47 −12.51 10.80

LS&ECDF 154.53 351.29 87.03 −3.66 −8.17 21.19
LS&LOCI 119.55 223.67 155.84 −10.66 −12.59 19.67

Maximum
temperature

LS 10.31 22.55 38.93 12.32 14.09 16.69
ECDF 2.90 4.65 5.20 11.36 6.39 4.08
VARI 24.10 18.65 34.04 23.59 10.42 12.92

LS&ECDF 12.09 24.20 40.46 16.61 14.65 17.01
VARI&ECDF 24.88 20.03 35.54 24.13 15.51 18.91

Minimum
temperature

LS 1.41 1.19 8.61 24.04 16.81 11.58
ECDF 1.19 1.20 2.79 26.00 18.72 3.96
VARI 8.50 8.56 8.81 35.94 26.77 11.77

LS&ECDF 2.26 2.30 9.43 27.53 19.81 12.77
VARI&ECDF 8.96 8.92 8.99 36.02 26.86 11.91

Notes: CC is the increase percentage and RMSE is the decrease percentage. For example, in BNU-ESM, the CC
value of the maximum temperature of the LS method has increased by 10.31%, while RMSE value has decreased by
12.32%.

Table 3. Nash–Sutcliffe efficiency (NSE) coefficient for both original and corrected daily GCM in the
historical period of daily precipitation as well as temperature.

Correcting
Methods

Precipitation Maximum Temperature Minimum Temperature

BNU-ESM IPSL-CM5A-MR MIROC5 BNU-ESM IPSL-CM5A-MR MIROC5 BNU-ESM IPSL-CM5A-MR MIROC5

GCM −0.64 −0.69 −0.67 0.31 0.50 0.45 0.38 0.53 0.68
LS −0.30 −0.63 −0.27 0.47 0.63 0.62 0.72 0.75 0.81

ECDF −0.15 −0.14 −0.10 0.45 0.43 0.41 0.69 0.69 0.70
LOCI −0.36 −0.25 −0.33 / / / / / /

VARI / / / 0.59 0.60 0.59 0.80 0.80 0.81
LS&ECDF −0.12 −0.09 −0.32 0.52 0.65 0.63 0.67 0.69 0.76
LS&LOCI −0.27 −0.15 −0.37 / / / / / /

VARI&ECDF / / / 0.60 0.61 0.59 0.75 0.75 0.75

3.2. Calibration and Validation of the SWAT Model

Calibration and validation processes were performed using monthly streamflow data given by
the Pingle, Yangshuo, Lingqu, and Guilin hydrological stations. The first three years (1964–1966)
were used to warm up and were not adopted in the model evaluation. The periods 1967~1975 and
1976~1984 were selected as calibration and validation periods. Visual comparison of the continuous
data of observed and simulated streamflow in both calibration and validation periods is shown in
Figure 3 and the statistical evaluation result is demonstrated in Table 4. It can be seen that the R2 values
of four stations in both the two periods all exceeded 0.8 and NSE values also exceeded 0.7. Meanwhile,
the MSE value in both periods was less than 0.3. It can also be indicated from Figure 3 that the monthly
flow trends in the two periods for each hydrological station almost stayed the same, suggesting the
simulation results have a relatively good performance.

Table 4. Simulation effect evaluation of monthly streamflow of four hydrological stations.

Hydrological
Station

Calibration Period Validation Period

R2 MSE NSE R2 MSE NSE

Pingle 0.87 0.23 0.77 0.82 0.25 0.71
Yangshuo 0.89 0.16 0.85 0.86 0.16 0.81

Lingqu 0.87 0.15 0.76 0.85 0.26 0.77
Guilin 0.87 0.16 0.82 0.86 0.20 0.82
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Figure 3. SWAT model calibration and validation results: comparison between simulated and observed
monthly stream flows of four hydrological stations: (a) Pingle; (b) Yangshuo; (c) Lingqu; (d) Guilin.

3.3. Projected Climate Change Response to Hydrological Systems

3.3.1. Changes in Projected Precipitation and Temperature

Of all the single models, the performances of temperature seem to be similar, while those
of precipitation vary from different similar models. For example, the ECDF method for monthly
temperature performs poorer than other single methods (see Figure 2). This can be contributed to
the statistical errors and the definition ambiguity of the drizzle rainfall, and less static errors of the
observed temperature. However, the performance of the hybrid method of both monthly and daily
scales of both precipitation and temperature is better compared with the single method in most cases.
According to the correction results shown by Table 3, we found that precipitation correction performed
the best in the LS&ECDF method in the IPSL-CM5A-MR method; the same GCM performed relatively
better in temperature compared with the other two models. The LS&ECDF and VARI perform the best
in maximum and minimum temperature, respectively. In this study, we used the abovementioned
model and method to drive the SWAT model to simulate the hydrological variables.

The multiyear trends of all the historical and future scenarios and the changes in the total amount
of precipitation and temperature are shown in Figure 4 and Table 5. In general, it presented increasing
trends in all the scenarios in temperature and the increasing ratios of future scenarios (with the
increase rate of 0.3, 0.25, and 0.53 ◦C per decade) are all greater than the historical periods (with the
increase rate of 0.17 ◦C per decade). A greater ratio of temperature increase occurred in the RCP8.5
scenario compared with other RCP and historical scenarios. Similarly, the annual average temperature
demonstrated the same change as the multiyear trend. Moreover, no matter from a multiyear trend or
annual average perspective, the effect of RCP8.5 is the most obvious. Unlike the multiyear trend of
temperature, the multiyear precipitation change reflects the increasing trend only in historical and
RCP4.5 scenarios, with the increasing rate of 23.48 and 124.09mm per decade. However, the descending
trend in RCP8.5 (77.47mm per decade) is less than that in RCP4.5 (35.87mm per decade). Although
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there is a descending trend in both RCP2.6 and RCP8.5 scenarios, the annual average precipitation in
both scenarios is greater than that in the historical period. Besides, the increasing percentage change in
RCP8.5 is greater than any of the other scenarios, which presents the same phenomenon as temperature
in these two points.

 

 

Figure 4. Yearly changing trend of precipitation and temperature of both historical and future period:
(a) historical, (b) RCP2.6, (c) RCP4.5, and (d) RCP8.5.

Table 5. The amount of annual precipitation and temperature during the historical and future period.

Hydrological
Variables

Scenarios

Historical RCP2.6 RCP4.5 RCP8.5

Precipitation(mm) 1814.41 1860.18 1864.76 1904.89
Temperature(◦C) 19.56 20.41 20.76 20.92

Figure 5 presents the monthly distribution of precipitation and temperature for each scenario,
and it can be seen that the annual monthly temperature in future scenarios is always greater than
the historical period except in November and December. The increasing rate presents a relatively
obvious ratio from March to June compared with other months. When comparing with different future
scenarios, the monthly temperature in RCP4.5 and RCP8.5 is always greater than RCP2.6. When it
comes to precipitation, it is quite different from temperature. The precipitation in future scenarios
increased in flood seasons, especially in July and August, and the rest of the months presented a
decreasing trend. The temporal distribution of precipitation seems to be more uneven and the peak
precipitation is increased and delayed. This means the peak precipitation happens in May with its
value of about 350 mm in the historical period, while that in future scenarios has changed to about
550 mm and happened in July. This distribution change is likely to be manifestations of climate change.
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Figure 5. Monthly changes of hydrological variables in the whole study area in both historical
(1964–2005) and future (2016–2055) period: (a) precipitation; (b) temperature.

3.3.2. Changes in Future Runoff and Evapotranspiration

Figure 6 shows the multiyear trend of runoff and evapotranspiration of both historical and future
periods based on three scenarios. These results showed the comprehensive effects of climate change
based on the different emission scenarios. It can be seen from Figure 6 that the multiyear trend of runoff
presents the descending trend in RCP2.6 and RCP8.5, while it showed an increasing trend in RCP4.5
and the historical period. The descending rate in RCP2.6 is slightly greater (4.1 × 108 m3 per decade)
than in RCP8.5 (2.2 × 108 m3 per decade), while the increasing rate in RCP4.5 is greater (7.2 × 108 m3 per
decade) than in the historical period (1.9 × 108 m3 per decade). This happens because the precipitation
in the corresponding RCP scenarios is the same trend. However, RCP itself in the future scenarios is
not the real-time trend that is based on several assumptions; therefore, different RCPs as well as GCMs
and trends of either increase or decrease are both possibilities. The total amount of runoff in future
cases is also more than that in the historical case (Table 6). That means the total runoff in the future
has also increased and the maximum amount of runoff occurs under RCP8.5. The changes are similar
with that of precipitation (see Table 5, the annual average precipitation in future scenarios is more
than that in historical scenarios). When focusing on the monthly distribution of runoff (Figure 7a),
it showed a similar change as precipitation. The runoffwill experience relatively positive changes in
mid-period and later-period flood seasons (June to November) and negative changes in other periods,
and the effect under RCP8.5 is more visible compared with other future scenarios in the mid-period
flood season. Besides, the peak value is much greater and appears later compared with the historical
period, suggesting the annual distribution of runoff is changed and becoming more uneven under the
impacts of climate change.
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Figure 6. Yearly changing trend of runoff and evapotranspiration of both historical and future period:
(a) historical, (b) RCP2.6, (c) RCP4.5, and (d) RCP8.5.

Table 6. The amount of annual runoff and evapotranspiration during the historical and future period.

Hydrological Variables
Scenarios

Historical RCP2.6 RCP4.5 RCP8.5

Runoff (108 m3) 85.26 90.61 92.48 94.64
Evapotranspiration (mm) 411.83 508.45 514.57 518.15

The multiyear trends of evapotranspiration are the same as runoff in future scenarios, and this
is even reflected in the increasing or decreasing rates. That is, the trend of evapotranspiration
under RCP2.6 and RCP8.5 is decreasing while that in RCP4.5 is increasing, which is the same as the
corresponding scenarios of runoff. Additionally, the decreasing rate in RCP8.5 (3.8 mm per decade)
is also slightly less than in RCP2.6 (11.8 mm per decade). The annual average evapotranspiration in
the future period is much greater than in the historical period (Table 6). This happens because the
temperature in future scenarios is increasing greatly due to climate change, and the evapotranspiration
will increase as temperature increases according to the Penman–Monteith equation. When comparing
different future scenarios, the highest and the lowest increase ratio occurs in RCP8.5 and RCP2.6,
respectively. The monthly distribution of evapotranspiration is also changed under the impact of
climate change. We can see from Figure 7b that the evapotranspiration in flood seasons in all future
scenarios is more than that in the historical period. The effect is obvious, especially in flood seasons
from May and August. For non-flood seasons, it is either less than or keeps pace with historical periods.
It is observed that the distribution of evapotranspiration is also changed and becomes uneven under
climate change in each scenario.
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Figure 7. Monthly changes of hydrological variables in the whole study area in both historical
(1964–2005) and future (2016–2055) period: (a) streamflow; (b) evapotranspiration.

4. Discussion

4.1. Comparison of Different Bias Correction Methods

Research on the impact of climate change has become popular in the last few decades. However,
it is of great necessity to correct the GCM bias in that there will be systematic error in subsequent
runoff simulating without bias correction. According to the previous studies in this field, the effect
of GCM itself and the ECDF method of bias correction perform relatively well in higher latitudes
and elevations where there is less precipitation, which brings about less uncertainty compared with
humid and subtropical areas [1,16]. For low latitude and monsoon areas where there may be more
precipitation with more uncertainties, the NSE value would be a little smaller but near zero so the
model is still reliable. Additionally, the time interval also affects the NSE value, as monthly or average
daily precipitation performs more perfectly than long-term daily data [16]. From this point of view,
the results can also support the validity of the bias correction method used in this study.

According to the correction results (Table 3), the ECDF-corrected method performs better than
the LOCI-corrected and LS-corrected method. This result is also validated in other research works,
where the study area has similar climate conditions [15,32]. The change of precipitation is nonlinear
and the LS method will not correct as perfectly as we expected. LOCI is independent of distribution
compared with ECDF in that its scaling factors are calibrated on mean values of precipitation,
and features instabilities in estimating the process of temporal variability. Therefore, it cannot correct
the error adequately when the data are significantly curved and intensity-dependent [33]. ECDF is
corrected based on the distribution of the long-term observed data, which is respectively representative
and closer to the observed distribution data. That is also the reason why when LOCI is combined with
LS, the simulation is poor compared with the hybrid method of LS&ECDF. Temperature simulating
is much better than precipitation because of its lower uncertainty and determinants, and variance
is smaller than precipitation. This is reflected by the greater value of NSE in temperature than
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precipitation, which means the model is reliable from both the overall and process perspective.
Moreover, there is no sudden change in temperature as it is relatively stable, whereas the rainfall occurs
with a certain probability that is difficult to quantify. That is why the value of RMSE in precipitation
has an acute change. However, there is a normal change in MIROC5 so GCM itself also has uncertainty.
Therefore, choosing a proper correcting method and GCM is also a key point before hydrological
modeling. Additionally, the VARI-corrected method performs better than the LS-corrected method
because VARI is the extension of LS as it considered both mean and variance of the total sample,
which can be comprehended as the combination of linear and variable scaling [34,35]. Meanwhile,
other hybrid methods perform also greater than corresponding single methods in both precipitation
and temperature other than some exceptions, which means the effect of hybrid methods performs
better than single methods to some extent, although it may not work in all the scenarios absolutely.
After all, the sample size of climate data is too large and uncertainty is more likely to emerge, and it
also has regional specificities. Therefore, the results are still valuable and provides a good reference to
similar studies.

4.2. Variations of Hydrological Variables Caused by the Impacts of Climate Change

In general, the impacts of climate change showed intense temporal heterogeneity of hydrological
variables in this study. According to the theoretical basis provided by [38], the amount of runoff is
determined by the precipitation and condition of the underlying surface and evapotranspiration is
determined mainly by temperature, humidity, and solar radiation. The annual average changes of
evapotranspiration in 2016–2055 have increased by about 20% in three future scenarios, which can be
mainly contributed to the changes of temperature, because the annual temperature has also increased
about 1 ◦C (Figure 8b,d). There is no doubt that global warming is in process and will last for
decades [2,27], and it is also the same with Lijiang River Basin. Both the multiyear trend of temperature
(Figure 4) and the absolute temperature are increasing, contributing to the relatively large increasing
ratio of evapotranspiration. The increasing temperature also contributes to the increasing value of
evapotranspiration (about 100 mm, see Figure 5). Previous studies also indicated that continuous
global warming will experience the growth of evapotranspiration compared with the past (Luo et al.,
2019; Bibi et al., 2016). However, the changes in monthly temperature and evapotranspiration do
not completely match (Figure 8b,d); for example, the increasing change in evapotranspiration in
July and August is greater than that of temperature in the same period. This is probably because
evapotranspiration is not only determined by temperature, but also solar radiation and humidity,
as the solar radiation in these two months is much larger than other months, which brings about
uncertainty factors to some extent. The evapotranspiration also varies in different climate scenarios.
For example, its value in RCP8.5 (518.15 mm) is higher than those in RCP2.6 (508.45 mm) and 4.5
(514.51 mm) (see Table 6). This is easy to understand because a higher concentration of CO2 emission
occurs in the RCP8.5 scenario, which is likely to accelerate the greenhouse effect, which accelerates the
increase in temperature, which contributes to the increasing evapotranspiration. There is no doubt that
in the study area located in South China, sunshine duration is longer than other areas, especially in
summer, as it is close to the equator. Yet, one thing is certain: the total amount of evapotranspiration is
increasing compared with the historical period under the impact of climate change.

Climate change is also reflected in the changes more in temperature, but also in precipitation.
Our results showed that annual average precipitation has increased (Table 5 and Figure 8a),
which is consistent with other studies with similar conditions of the study area [27]. Simultaneously,
the distribution of the monthly precipitation has also changed, reflected by the sharp increase in
rainfall in the flood season (May to September) and decrease in the non-flood season (October to
next April) (Figure 8a) as well as the delay of the peak occurrence time (Figure 5a), which may
consequently lead to greater floods in the future flood season and frequent drought events in the
non-flood season. Consequently, similar changes will also occur in the distribution of runoff (Figure 8c).
Therefore, the stakeholders of water resources management should take measures towards this issue
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like floodwater utilization—gathering the water resources in flood seasons to meet the needs in dry
seasons. With the increasing precipitation, runoff is also increasing compared with baseline. Although
evapotranspiration increases in future scenarios, the study area is a monsoon and humid area where
annual precipitation is larger than evapotranspiration and future precipitation is also increasing as
we speculated. Moreover, the dual effect of increasing precipitation and temperature can accelerate
streamflow. This is validated by its value under different climate scenarios. The runoff in RCP8.5 is
94.64 × 108 m3, which is less than that under RCP2.6 (90.61 × 108 m3) and RCP4.5 (92.48 × 108 m3),
in which the precipitation and temperature are also lower compared with RCP8.5. Thus, we can
speculate that the increasing trend of the annual amount of runoff will happen during 2060–2100.
Zhang et al. [27] also showed that the change in streamflow is influenced by the simultaneous changes
of precipitation and temperature and showed similar results in the 2020s, 2050s, and 2080s; their study
area is also a monsoon area that is similar to the area in this study. In contrast, other studies [1,35,40,41]
with alpine and dry areas, where evapotranspiration is more than precipitation, show a decreasing
trend in runoff.

 

Figure 8. Percentage changes in all hydrological variables.

4.3. Changing Hydrological Variables Compared with Other Areas

We compared the hydrological response of climate change in the Lijiang River Basin with other
related watersheds. As presented in this study, the annual average of temperature, evapotranspiration,
and precipitation will increase in the future. The results are also validated in Piao et al. [42],
which performed a similar study in Southern China. Although runoff has slightly decreased in the
study area, it is affected by both increasing precipitation and evapotranspiration, and the theorical
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runoff could either increase or decrease. Related research obtained similar findings. For example,
Zhang et al. [27] assessed the hydrological response of climate change in the Xin River Basin, which is
also a monsoon and humid area and is also located in Southern China. This study showed the increasing
change of precipitation and temperature, and the result of runoff is close to baseline, which showed
similar changes in this study. The monthly precipitation and runoff distribution are also similar to
this study as the peak flow occurs in summer, although the peak value of the Xin River Basin is in
early- and mid-summer, while in this study, it occurs in mid-summer. The annual average runoff
in the 2080s is more than that in the 2050s, and runoff in the 2050s is also greater than in the 2020s.
Stagge et al. [43] has also demonstrated the increasing trend of annual runoff in the Potomac River
located in Mid-Atlantic US, with an average increasing percentage of only 2.7%, 4.0%, and 4.3% in
short-, mid-, long-term future periods.

When comparing with the areas that are different from our study area, the results are different.
In this case, different conditions are usually with higher altitude and drier climates, and their annual
precipitation is usually less than most monsoon areas [44]. However, most arid areas have more runoff
compared with humid and monsoon areas, in that there is more snow accumulation in winter and
snow melt in spring as temperature rises [1,12]. Therefore, hydrological elements have heterogeneity
in multiple areas of different conditions. In general, in humid and monsoon areas, especially in
southern China, the precipitation and runoff usually demonstrate the seasonal characteristics and
annual precipitation is usually greater than arid areas with higher altitude, such as the typical areas of
Western China and Central Asia.

5. Conclusions

In this study, we analyzed several GCM outputs by using both single and combined bias correction
methods and selected the most suitable corrected GCM as input for the SWAT model. The historical
(1964–2005) and future scenarios (2016–2055) with three RCPs were used to simulate the precipitation,
temperature, evapotranspiration, and runoff. The hydrological variables indicated great heterogeneity,
especially in monthly distribution. The following conclusions can be drawn in this study:

(1) All the correction methods have a positive effect compared with the original GCM.
For precipitation, the ECDF-corrected method performs better than LOCI and LS, and the effect
of the hybrid method containing ECDF is also more obvious than that containing LOCI. The correcting
method except ECDF is less obvious in the BNU-ESM and IPSL-CM5A-MR model in terms of RMSE,
but it is better in the MIROC5 model, which demonstrates the GCM itself has uncertainty and
complicated determinants. For temperature, the simulating result is better than precipitation as it has
less uncertainty, and VARI performs the best among the single methods.

(2) The hybrid method of correcting precipitation and temperature has the superimposed effect in
terms of NSE in most cases of the study area, which means the effect of the hybrid method is more
obvious than either of the single methods to some extent. Therefore, choosing a proper GCM and
correcting method is also a key procedure, and this paper can provide a reference for the method of
bias correction.

(3) Both the trend of temperature changes in multiyear and its annual average value are increasing
and the maximum rate occurs in the RCP8.5 scenario. The monthly distribution of temperature also
increased in each month. The trend of precipitation changes in multiyear showed an increasing trend in
RCP4.5, while other future scenarios showed a decreasing trend, but the annual average precipitation
is increasing relative to baseline, and the maximum changing rate is under RCP8.5. The monthly
distribution trend of precipitation is uneven, reflected by the increase in mid-flood season, decrease in
other seasons, increase in peak flow, and delay of the peak occurrence time.

(4) The annual evapotranspiration increased in all three future scenarios, but the multiyear trend
increase only occurred in RCP4.5. Its positive changes also occurred in flood seasons and kept pace
with historical periods in non-flood seasons. The multiyear trend of runoff increased only in RCP4.5
and the annual average of runoff decreased slightly compared with baseline, but in future scenarios,
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the multiyear average runoff has increased compared with baseline and the maximum runoff occurs
under RCP8.5. The monthly distribution of runoff is similar to precipitation and also showed the
uneven trend in the future. As the precipitation continues increasing compared with baseline and
raising the temperature can accelerate the streamflow, the annual average runoff in the further future
may increase.

Although this research determined the hydrological response to climate change for the Lijiang
River Basin, there are some issues that require further discussion; for example, the uncertainty of GCM
outputs analysis and the performance of several GCM outputs that best fit the study area. The standard
should be various and comprehensive and not limited to R2 or NSE. Another valuable endeavor would
be using more samples of GCM outputs. The best bias correction methods may differ from multiple
GCM outputs as GCM outputs are generated based on several assumptions that cause uncertainties,
and the uncertainties analysis based on more samples can be conducted in our further studies.
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Abstract: Asymmetric warming was bound to have a major impact on terrestrial ecosystems in arid
regions during global warming. Further study was necessary to reveal the spatiotemporal patterns
of asymmetric warming in Xinjiang; this study analyzed the climate and normalized difference
vegetation index (NDVI) data (2000–2020). The change trends of the day and nighttime warming
(DNW), seasonal warming, and the diurnal temperature range in northern Xinjiang (S1) and southern
Xinjiang (S2) were determined. The findings indicated that the DNW rate showed a significant
(p < 0.05) upward trend, especially in winter. The nighttime warming rate (0.65 ◦C (decade)−1)
was faster than the daytime warming rate (0.4 ◦C (decade)−1), and the diurnal temperature range
between daytime and nighttime exhibited a decreasing trend. The diurnal temperature range was
the highest in spring and the lowest in winter. Extreme values of the diurnal temperature range
appeared in autumn (48.6 ◦C) and winter (12.3 ◦C) and both in S1. The Tmin in S1 had an abruption
trend in 2006–2017, the Tmax in S2 had an abruption trend in 2005–2011, and the probability of spatial
abruption in S1 was higher than that in S2. The partial correlation between the NDVI and Tmin

was significantly higher than that between the NDVI and Tmax in the area where the significance
test passed; therefore, asymmetric nighttime warming had a greater impact on the NDVI than the
asymmetric daytime warming.

Keywords: asymmetric warming; normalized difference vegetation index; second-order partial
correlation analysis; day and nighttime warming; diurnal temperature range

1. Introduction

Since the 1950s, terrestrial ecosystems have experienced a continuous warming process [1–3].
With the increase in global average temperature, there is growing evidence suggesting that asymmetric
patterns of day and nighttime warming (DNW) and seasonal warming are common in the warming
process [4–7]. This phenomenon is called asymmetric warming [8]. The global average temperature
has risen by 0.89 ◦C over the last 100 years [9], and the rate of temperature increase is 0.13 ◦C
(decade)−1 [10,11]. Average global temperatures are projected to increase by 0.91–2 ◦C throughout
the mid-21st century [12,13]. Located in the eastern part of Eurasia, China is one of the most complex
regions experiencing global climate change and is strongly influenced by the eastern continental
monsoon climate and the northwest inland arid climate [14,15]. In the past 40 years, the average
surface temperature in China has risen by 1.1 ◦C, which is higher than the global warming rate [16–20].
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The persistent enhancement of asymmetric warming will have significant impacts on terrestrial
vegetation and even on the whole structure, functions, and services of ecosystems.

The IPCC’s (Intergovernmental Panel on Climate Change) fourth assessment reported that the
global nighttime warming rate from 1957 to 2007 was 1.4 times the daytime warming rate [21,22].
Davy et al. [23] showed that the warming rate in summer was faster than that in spring and autumn in the
high latitudes of the Northern Hemisphere. As an important part of terrestrial ecosystems, the growth
and development of vegetation are bound to be affected by asymmetric warming. These generally
relate differences in the temperature trends to regionalized cloud cover, precipitation, or soil moisture.
Peng et al. [24] analyzed the interannual covariations of the satellite-derived normalized difference
vegetation index (NDVI) with asymmetric warming over the Northern Hemisphere; their study
showed that daily maximum temperatures were positively correlated with the NDVI in humid areas
and had a significant negative correlation with the NDVI in arid areas. Xu et al. [25] investigated
vegetated growth dynamics (annual productivity, seasonality, and the minimum amount of vegetated
cover) in China and their relations with climatic factors during 1982–2011, and they believed that
vegetation productivity was positively correlated with the nighttime warming rate. Nemani et al. [26]
analyzed the climatic data and satellite observations of vegetation activity during 1982–1999 and found
that vegetation growth representing the response cycle of asymmetric warming in high-latitude and
high-altitude areas was shorter than that in low-latitude and low-altitude areas. Cong et al. [27] showed
that asymmetric warming could accelerate respiration in plants and increase the decomposition rate
of organic matter. However, little is known about the warming trends in the relationships between
NDVI and asymmetric warming and precipitation, and understanding this is crucial for predicting
how climate change would affect vegetation activity in the future.

Located in the arid and semiarid region of China, with a temperate continental climate, Xinjiang is
a typical “mountain-oasis-desert” ecosystem [28]. As the area is affected by the sea-land distribution
and the uplift of the Qinghai-Tibet Plateau, the differences in soil water-thermal status and geographical
vegetation differentiation between S1 and S2 have been significant; these differences have led to different
sensitivities of the vegetation types to climate factors in Xinjiang [29,30]. At present, research on
the responses of vegetation activities to asymmetric warming mainly focuses on the differences
in interannual average temperature and the geographic spatial and seasonal changes in vegetation
types [31–33]. The changing trends of asymmetric warming, abruption characteristics, and the influence
of precipitation on the NDVI over different time series have received little attention. Given this, in the
context of global asymmetric warming, this paper was based on a global NDVI dataset, monthly
minimum (Tmin) and maximum temperature (Tmax) data, and precipitation data in Xinjiang from 2000
to 2020. Least squares linear regression, Yamamoto and Mann–Kendall nonparametric randomization
tests, and second-order partial correlation analysis were used to study the spatiotemporal patterns and
abruption signatures of daytime and nighttime warming, seasonal warming, the diurnal temperature
range, and the response of vegetation activities to asymmetric warming. The goal of this study was to
provide a reference for the impacts of asymmetric warming on the vegetation ecosystems in Xinjiang.

2. Materials and Methods

2.1. Site Description

The geomorphological features of Xinjiang (73◦40′–96◦23′ E and 34◦25′–49◦10′ N) consist of
3 mountains and 2 basins, with a west-east width of approximately 1950 km, south-north length of
approximately 1550 km, and a total area of 1.66 × 106 km2. The mountain and basins, from north to
south, are the Altai Mountains, the Junggar Basin, the Tianshan Mountains, the Tarim Basin, and the
Karakoram Mountains. The Tianshan Mountains lie across the middle of the region [34]. On the basis
of the meteorological definition and geomorphological characteristics of Xinjiang, the study area is
further categorized into two regions: northern Xinjiang (S1) and southern Xinjiang (S2), with the
Tianshan Mountain as the boundary (Figure 1). The mean annual temperatures in S1 and S2 are 13 and
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19 ◦C, and the annual precipitation values are 180 and 95 mm, respectively; these precipitation values
are only 15–28% of the average precipitation level of China (630 mm, 2000–2020).

 

 

𝐶 = 19 × ∑ 𝑖 ∙ 𝜑 − ∑ 𝑖 ∙ ∑ 𝜑19 ∑ 𝑖 − ∑ 𝑖𝑖 𝜑𝐶 𝜑 𝐶 𝜑𝑗 𝐶 𝐶 = 

Figure 1. Distribution of meteorological stations in the studied region.

Meteorological data were obtained from the dataset of monthly surface climate data of the
China Meteorological Science Data service network (http://cdc.cma.gov.cn). The weather data are the
maximum daytime temperature (Tmax), the minimum nighttime temperature (Tmin), and precipitation.
To ensure homogeneity and the longest continuous observation, data from 34 ground-based
meteorological stations of the China Meteorological Administration (CMA) were used in the study.
The Kriging interpolation method was chosen in ArcGIS 10.4 with the spatial analyst extension and
raster images. According to the existing seasonal division method [35], the monthly dataset was further
averaged to spring (March, April, and May), summer (June, July, and August), autumn (September,
October, and November), winter (December, January, and February), the growing season (April to
October), and the non-growing season (November to March of the subsequent year).

The NDVI dataset from 2000 to 2020 was acquired from the MOD13A3 product of Goddard Space
Flight Center, LAADS, NASA (https://ladsweb.modaps.eosdis.nasa.gov/), and the spatiotemporal
resolution is 1 km, 30 days, respectively. This dataset was synthesized by the maximum value synthesis
method (MVS) and processed by cloud, aerosol, water vapor, etc.; it is the longest time series currently
acquired by the TERRA satellite.

2.2. Research Methods

The least-square linear regression method was applied to analyze the trend of DNW at the regional
and pixel scales [36,37], and the significance of regression coefficients was determined by the t-test
(p-values). * indicated significant (p = 0.05). ** indicated extremely significant (p = 0.01). The diurnal
warming rate was calculated element-by-element, and the spatiotemporal patterns of the DNW rates
in different seasons were analyzed.

C j =
19×

∑19
i=1 i·ϕ−

∑19
i=1 i·

∑19
i=1 ϕ

19
∑19

i=1 i2 −
(

∑19
i=1 i
)2

(1)

where i is the time series, ranging from 2000 to 2020; ϕ is the specified factor, including NDVI, Tmin,
and Tmax; C j is the change tendency rate of the ϕ pixel in 20 years, C j > 0 indicates that the ϕ factor of
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pixel j has an increasing trend in the past 20 years, C j < 0 indicates a decreasing trend, and C j = 0
indicates no change.

Mann–Kendall and Yamamoto methods were employed to test the abruption of temperature in
each time series [38,39]. Mann–Kendall method is a non-parametric statistical test. It is suitable for
both type variable and ordinal variable, with no specific requirements on the distribution of samples,
and Pearson correlation results were not dominated by outliers. The major mathematical methods
were as follows:

For the time series, a rank s series is constructed:

Sk =
k
∑

i=1

ri k = 2, 3 . . . n (2)

ri =

{

1 xi > x j

0 xi < x j
j = 1, 2 . . . i (3)

where rank series Sk is the cumulative number of the i time value greater than j time. The statistics was
defined under the assumption that the time series were independent:

UFk =

∣

∣

∣Sk − E(Sk)
∣

∣

∣

√

var(Sk)
k = 1, 2 . . . n (4)

UBk = −UFk k = n, n− 1 . . . 1 (5)

where UF1 = 0, E(Sk) and var(Sk) are the mean and variance of Sk. When x1, x2 . . . xn were independent
of each other and had the same continuous distribution, they were calculated as follows:















E(Sk) =
k(x−1)

4

var(Sk) =
k(x−1)(2k+5)

72

k = 2, 3 . . . n (6)

Set UFk and UBk as standard normal distribution, given a significance value α = 0.05, critical value
U0.05 = ±1.96, and two statistical sequence curves of UFk and UBk and the two critical lines (±1.96)
were drawn in one graph.

Yamamoto method explores the abruption characteristics from two parts: climate information and
climate noise. In this study, DPS 7.05 (http://www.chinadps.net/) was used to process the abruption
data. The specific method was to define a signal-to-noise ratio:

S

N
=

∣

∣

∣x1 − x2
∣

∣

∣

S1 + S2
(7)

where S is the population sample variance, and N is the length of the population sample sequence;
x1 and x2 are average values of 2 sub-sample sets; S1 and S2 are variance of sub-sample. Molecular was
defined when S/N > 1.0.

To eliminate the interference of other variables except for temperature and precipitation,
the second-order partial correlation analysis was used to investigate the influence of DNW on
vegetation NDVI [39–41]. First, the second-order partial correlation between Tmax and NDVI was
analyzed through limiting the influence of Tmin and precipitation; second, the second-order partial
correlation between Tmin and NDVI was analyzed through limiting the influence of Tmax and
precipitation. The second-order partial correlation coefficient was calculated based on the first-order
partial correlation coefficient, and the first-order correlation coefficient needed to be calculated for

144



Climate 2020, 8, 145

Pearson’s correlation coefficient (zero-order). The partial correlation coefficients were calculated
as follows:

rαδ =

∑n
i=1(αi − α)

(

ϕi − δ
)

√

∑n
i=1(αi − α)2∑n

i=1

(

δi − δ
)2

(8)

rαδ.1 =
rαδ − rα.1rδ.1

√

1− r2
α.1·
√

1− r2
δ.1

(9)

rαδ.12 =
rαδ.1 − rα2.1rδ2.1

√

1− r2
a2.1·
√

1− r2
δ2.1

(10)

where α and ϕ are principal variables by partial correlation coefficients; 1 and 2 are control variables;
rαδ is correlation coefficient; rαδ.1 is the first-order partial correlation coefficient; rαδ.12 is the second-order
partial correlation coefficient. t-test was used to test the significance of the calculated second-order
partial correlation coefficient. The formula is as follows:

t =
r
√

n− q− 1
√

1− r2
(11)

where r is correlation coefficient; n and q are the number of samples and degrees of freedom.

3. Results

3.1. Interpreting Trends in Asymmetric Warming over Time

The interannual variation trend of DNW was calculated by a linear regression equation (Figure 2).
Over the past 20 years, Tmax and Tmin in Xinjiang showed different degrees of warming trends.
DNW had a local response period, i.e., cooling down every 2–3 years. The warming rates of Tmax in
S1 and S2 were 0.5 and 0.3 ◦C (decade)−1, respectively, but the overall Tmax in S1 was 3–5 ◦C lower
than that in S2 (p < 0.01). The warming rates of Tmin in S1 and S2 were 0.8 and 0.5 ◦C (decade)−1,
respectively. From 2000–2020, the interannual Tmin in S1 increased from −7.1 to −4.3 ◦C, and the Tmin in
S2 increased from −0.8 to 1.4 ◦C. Therefore, the interannual Tmax and Tmin in both S1 and S2 presented
asymmetrical daytime and nighttime temperature warming, i.e., the nighttime warming rates (0.65 ◦C
(decade)−1) were faster than the daytime warming rates (0.40 ◦C (decade)−1).
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Figure 2. Tmax (a) and Tmin (b) trends in the S1 and S2 regions with arid and semiarid climate, 2000–2020.
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There was considerable variation in the trends of seasonal Tmax and Tmin warming in S1 and S2
(Figure 3). The Tmax in S1 showed a cooling downward trend in summer and significant warming in
other seasons. The Tmax in S2 showed a warming trend only in winter and a cooling down trend in
other seasons. The Tmin in S1 showed a cooling down trend in autumn and significant increases in other
seasons. The Tmin in S2 showed cooling downward trends in summer and autumn and significant
warming trends in spring and winter. In addition, S1 and S2 had opposite temperature trends in spring
Tmax, summer Tmin, and autumn Tmax; in these three seasons, the Tmax and Tmin in S1 both showed a
warming trend, while the temperatures in S2 showed a cooling trend. This phenomenon is mainly due
to the latitude differences between S1 and S2, which further supports the significant warming trend in
higher latitudes in the northern hemisphere.
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Figure 3. Seasonal Tmax and Tmin temperature trends in the studied regions S1 and S2, (a): spring Tmax,
(b): summer Tmax, (c): autumn Tmax, (d): winter Tmax, (e): spring Tmin, (f): summer Tmin, (g): autumn
Tmin, (h): winter Tmin. S1 and S2 represent two regions of the study area.

The DNW rates in S1 and S2 were asymmetrical in the four seasons. The warming rates of Tmin

in winter and spring in S1 were 3 and 3.5 times those of Tmax, respectively; S1 had higher nighttime
warming trends than daytime warming trends in spring, summer, and winter, while the opposite trend
was seen for autumn. The warming rates of Tmin in spring and autumn in S2 were higher than the
Tmax warming trend; inversely, for the daytime warming trend, the warming rate of Tmax was higher
than the Tmin warming trend in winter, and the warming rate of Tmin in winter in S2 was 0.6 times
that of Tmax. In addition, the warming rates of Tmin and Tmax were −0.1 ◦C (decade)−1 in summer,
which failed to pass the significance test at the 0.05 level; thus, the cooling trend was not significant.
Comparing the DNW rates of the two study areas, the warming rates of Tmax in autumn in S1 and Tmax

in winter in S2 were the same (0.6 ◦C (decade)−1) and were significantly higher than those in other
seasons (p < 0.01). The Tmin warming rate in S1 was fastest in winter (1.2 ◦C (decade)−1), and the Tmin

warming rate in S2 was fastest in spring (0.7 ◦C (decade)−1).
There were regional differences in the diurnal temperature ranges in S1 and S2 in the four seasons

(Figure 4). From 2000 to 2020, the diurnal temperature ranges in spring, summer, autumn, and winter
in Xinjiang were 30.2, 25.3, 28.6, and 24.4 ◦C, respectively. The interannual diurnal temperature range
showed a trend of spring > autumn > summer > winter. The diurnal temperature range in S1 was
significantly higher than that in S2 in the spring and summer seasons in the second part of the time
series (2013–2020); the trends in other seasons were not significant. The maximum and minimum
diurnal temperature ranges appeared in autumn (48.6 ◦C) and winter (12.3 ◦C) in Xinjiang, and both
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appeared in S1 areas. The maximum diurnal temperature range in S2 appeared in the winter of 2008
(47.8 ◦C).
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Figure 4. Seasonal variation trend of diurnal temperature range, (a): spring, (b): summer, (c): autumn,
(d): winter. The red and blue scatter points represent the maximum and minimum of the daily range;
S1 and S2 represent two regions of the study area.

3.2. Spatial Distribution Characteristics of Asymmetric Warming

The warming rates of Tmax and Tmin in Xinjiang from 2000 to 2020 were spatially inconsistent
(Figure 5a,b). Specifically, the Tmax warming rate was between −0.04 and 2.19 ◦C (decade)−1, and the
Tmin warming rate was between −3.4 and 4.38 ◦C (decade)−1. The DNW rates in S1 and S2 both showed
asymmetric warming trends, and the DNW rate in S1 was significantly higher than that in S2. The Tmax

and Tmin in S2 showed cooling trends in the southwest and central regions, and the proportions of
cooling trends were 5.3% and 2.9%, respectively.

The warming rate of the diurnal temperature range in the growing season in Xinjiang showed
asymmetric warming trends of −2.07 and 2.15 ◦C (decade)−1 appeared in the western and eastern
regions (Figure 5c), i.e., the trend was high in the eastern parts of the province, while in the western
parts, the trend was low. The warming rate of the diurnal temperature range in the nongrowing season
showed south- and north-low, middle-high trend (Figure 5d). In general, the diurnal temperature
range in S2 showed a downtrend in the growing season, while that in S1 only showed a downtrend
during the nongrowing season of vegetation.

3.3. Abruption Characteristics of DNW Warming

The abruption of DNW in Xinjiang was analyzed by the Yamamoto test (Figure 6). The changing
point of Tmax warming in S1 and S2 occurred in 2006. The warming of Tmin in S1 had a strong abruption
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in 2006 and a weak abruption in 2010, but the warming of Tmin in S2 did not reach the detection
standard of abruption. Therefore, the probability of S1 abruption was overall higher than that of S2.

 

 

 

 

 

Figure 5. The spatial distribution of averaged Tmax and Tmin over 20 years in the arid and semiarid
region, (a): the trend of Tmax, (b): the trend of Tmin, (c): diurnal range in the growing season of
vegetations, (d): diurnal range in the non-growing season of vegetations. S1 and S2 represent two
regions of the study area.
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Figure 6. Abrupt change detection for (a): Tmax, (b): Tmin, Yamamoto test. S1 and S2 represent two
regions of the study area.
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The Mann–Kendall abruption test curve of DNW in Xinjiang was analyzed (Figure 7). Taking the
critical value at the (±) 95% confidence level (Zα/2 = 1.96) and a 5% degree of precision, it could be
found from the UF and UB curves of the reverse time series, as well as their intersection point, that the
warming trends of Tmin in S1 and S2 showed upward trends since 2003. Among the abruption results,
S1 only presented a point abruption in 2017 (p < 0.01); the first intersection point of the UF and UB
curves appeared in 2006, and this intersection point was within the confidence interval. Therefore,
it was determined that the first abruption year of Tmin warming in S1 was 2006; the abruption then
reached an extremely significant level in 2017. The warming trend of Tmax in S1 was not significant
(p for the trend = 0.103), while the warming trend of Tmax in S2 showed an upward trend in 2005–2011.
The S2 region presented a point abruption in 2011 (p < 0.01); the first intersection point of the UF
and UB curves also appeared in 2006, and this intersection point was within the confidence interval.
Similarly, the abruption of Tmax warming in S2 started in 2005 and reached an extremely significant
level in 2011.
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Figure 7. Mann–Kendall test for monotonic trend of (a) Tmax over S1 region, (b) Tmax over S1 region,
(c) Tmin over S1 region, and (d) Tmin over S1 region. S1 and S2 represent two regions of the study area,
UF and UB are statistics about temperature series, which obeys standard normal distribution. If UF
and UB intersect, they represent the start time of an abrupt change.

3.4. Partial Correlation Analysis between Vegetation Activity and Asymmetric DNW in Xinjiang

Precipitation was included as a control variable, and partial correlation analysis of NDVI and
DNW was carried out at 34 meteorological stations in Xinjiang (Figure 8). The area of a positive
correlation between the NDVI and Tmax accounted for approximately 32.8% of the total pixels, of which
7.7% showed a significant positive correlation (p < 0.05). Approximately 68.1% of the studied area
and Tmax were negatively correlated, and 4.7% of those pixels were significantly negatively correlated
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(p < 0.05). The negative correlation areas were mainly distributed in the central part of the S1 area
(Junggar Basin).

 

 

 

 

 

Figure 8. The partial correlation coefficient of vegetation NDVI (normalized difference vegetation
index) with Tmax (a) and Tmin (b) in the arid and semiarid regions.

The distribution pattern of the correlation between NDVI and Tmin was opposite to that of NDVI
and Tmax; approximately 60.7% of the studied area and Tmin were positively correlated, of which
10.2% showed a significant positive correlation (p < 0.05). Approximately 39.1% of the studied area
and Tmin were negatively correlated, and 6.1% of those pixels were significantly negatively correlated
(p < 0.05). The negative correlation areas were mainly distributed in the north-central part of the S1
area (Gurbantünggüt Desert plain). Thus, the effect of nighttime warming on vegetation in Xinjiang
was more extensive than the effect of daytime warming. From the spatial distribution of DNW,
the distribution trend of the partial correlation coefficient between NDVI and DNW was basically
consistent in the S2 area.

4. Discussion

4.1. Causes of Asymmetric Warming

The warming rates of Tmax and Tmin in Xinjiang from 2000 to 2020 showed significant upward
trends. The warming rate of Tmin was 1.6 times (S1) to 1.67 times (S2) that of Tmax. Li et al. [10] found
that the summer Tmax and Tmin warming trends in Xinjiang from 1961 to 2005 were significant and
that the interannual warming rate was 0.28 ◦C. The results of this study showed that the warming
rates of Tmax and Tmin in the S2 area were 0.3 and 0.5 ◦C (decade)−1, respectively, which were higher
than those reported by Li et al. [10]. The warming rates of Tmax and Tmin further corroborated the
research results. Tan et al. [5] showed that the global land surface temperature in the past 50 years
increased significantly faster at nighttime than in the daytime and that the nighttime warming rate
was 1.4 times that of the daytime. The DNW trends in S1 and S2 in this study had global coherence,
and the warming rates in these areas were higher than the world average. However, the DNW was
asymmetric; i.e., the nighttime warming rate (0.65 ◦C (decade)−1) was faster than the daytime warming
rate (0.4 ◦C (decade)−1). The S1 study area has a temperate continental arid and semiarid climate with a
large basin area, while S2 has a warm temperate continental arid climate and the world’s second-largest
mobile desert. The atmospheric inverse radiation in S2 is higher than that in S1, and the average annual
precipitation in S1 is twice that in S2. These climate differences affect the atmospheric circulation of the
two regions; thus, the difference in climate types was the main reason that the nighttime warming rate
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was higher than the daytime warming rate [42,43]. Another possible explanation for this is the impact
of human activities on DNW [44,45].

4.2. Abruption Trend Analysis of Asymmetric Warming

In Xinjiang, Tmax and Tmin experienced sudden warming in 2011 and 2017, respectively, and the
warming trend of Tmin after 2005 was significant. There were also asymmetric changes in the abruption
times of Tmax and Tmin. The Yamamoto and Mann–Kendall tests indicated good consistency of the
abruption test results over time; i.e., the abruption probability in S1 was higher than that in S2, and the
abruptions occurred mainly in nighttime trends in S1 and daytime trends in S2. The S1 study area
showed an abruption trend in Tmin from 2006 to 2017, and S2 also showed an abruption trend in Tmax

from 2005 to 2011; both study areas experienced upward trends. This showed that the duration of
warming abruption of the extreme Tmin values in S1 was longer than that of the extreme Tmax values
in S2, and the duration of warming abruption in S1 was twice as long as that of S2 for extreme Tmax

values. At the same time, this result indicated that the temperature difference of DNW in Xinjiang
would show a decreasing trend in the future.

4.3. Effects of Asymmetric Warming on Vegetation NDVI

The NDVI is an indicator of vegetation growth change, and the responses of NDVI to Tmax and
Tmin reflect the effects of DNW asymmetric warming on terrestrial ecology. However, the DNW was
asymmetric, i.e., the effect of nighttime (0.65 ◦C (decade)−1) warming on vegetation activity was more
significant than that of daytime warming. A possible reason for this result is that plants fix carbon
(C) by photosynthesis during the day, while respiration takes place all the time (day- and nighttime).
The imbalanced DNW rate leads to an increase in the respiration of plants at nighttime and prompts
an increase in the soil organic matter decomposition rate [25]. The growth of vegetation must rely on
environmental temperatures for energy to regulate internal biochemical processes and further regulate
growth in the phenological period. Nemani et al. [26] found that the limiting factor for vegetation
growth in high-latitude and high-altitude areas was temperature. High-altitude vegetation was more
sensitive to the asymmetry of DNW; this result was in line with the results obtained in the current
study. Xinjiang is located in an arid and semiarid area, and water shortage is the main limiting factor
for vegetation growth. The NDVI values were positively correlated with Tmax and Tmin in S1 (Junggar
Basin desert steppe) and S2 (Taklimakan Desert basin); this correlation is largely attributable to the
physiological regulation mechanism of vegetation, which enhances the water absorption capacity of
plant roots experiencing drought stress. Peng et al. [22] suggested that DNW both enhanced and
inhibited vegetation growth through different disturbance mechanisms. The western area of S1 has
sufficient precipitation compared with that of S2; Tmax warming has a more significant positive effect
on coniferous forests, broad-leaved forests, and meadow grasslands. When Tmax warms continuously
and exceeds the optimal temperature required for vegetation growth, vegetation growth will be
inhibited; previously, vegetation growth was mainly limited by precipitation. In addition, continuous
warming of Tmax accelerates the evaporation of soil water in the daytime and aggravates the drought
stress of the soil. In this situation, the vegetation cannot obtain the necessary moisture from the soil;
therefore, the response of vegetation growth to increasing Tmax in S1 was mostly negatively correlated,
and the response of grassland vegetation to increasing Tmax was significant. In contrast, S2 has scarce
precipitation all year, a dry climate, and a high-altitude vegetation water supply that mostly comes from
alpine meltwater. The NDVI was weakly correlated with Tmax in S2. To better explain the response
mechanisms of vegetation activity and vegetation growth stress to extreme climate events and climate
change, human activities and vegetation physiological characteristics should be comprehensively
considered in future research.
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5. Conclusions

This study analyzed monthly Tmax, Tmin, precipitation, and NDVI datasets (2000–2020) and
determined the change trends of DNW, seasonal warming, and the diurnal temperature range in S1
and S2. The conclusions are as follows.

During the study period between 2000 and 2020, the DNW in S1 and S2 of Xinjiang showed warming
trends, and the warming rates were higher than the world average. However, DNW, seasonal warming,
and the diurnal temperature range in S1 and S2 were asymmetrical, and the nighttime warming
rate (0.65 ◦C (decade)−1) was faster than the daytime warming rate (0.4 ◦C (decade)−1). The S1 area
had higher nighttime warming trends than daytime warming trends in spring, summer, and winter,
while the opposite trend was identified in autumn. The nighttime warming trend in S2 in spring and
autumn was higher than the daytime warming trend, and the opposite trend was observed in winter.
The interannual diurnal temperature range showed a trend of spring > autumn > summer >winter.
The positive partial correlation between NDVI and Tmin was significantly higher than that between
NDVI and Tmax in the area where the significance test passed. The abruption probability in S1 was
higher than that in S2, and the abruptions mainly occurred in nighttime warming in S1 and daytime
warming in S2. The S1 area showed an abruption trend in Tmin from 2006 to 2017, and S2 also showed an
abruption trend in Tmax from 2005 to 2011; both exhibited upward trends. The responses of vegetation
activities to DNW in Xinjiang had significant spatial differences, especially between the Junggar Basin
(S1) and Gurbantünggüt Desert plain (S2).
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Abstract: This work aims to assess water quality for irrigated agriculture, alongside perceptions
and adaptations of farmers to climate change in the Main Ethiopian Rift (MER). Climate change is
expected to cause a rise in temperature and variability in rainfall in the region, reducing surface
water availability and raising dependence on groundwater. The study data come from surveys with
147 farmers living in the Ziway–Shala basin and water quality assessments of 162 samples from
groundwater wells and surface water. Most groundwater samples were found to be unsuitable
for long term agricultural use due to their high salinity and sodium adsorption ratio, which has
implications for soil permeability, as well as elevated bicarbonate, boron and residual sodium
carbonate concentrations. The survey data indicate that water sufficiency is a major concern for
farmers that leads to frequent crop failures, especially due to erratic and insufficient rainfall. An
important adaptation mechanism for farmers is the use of improved crop varieties, but major barriers
to adaptation include a lack of access to irrigation water, credit or savings, appropriate seeds, and
knowledge or information on weather and climate conditions. Local (development) agents are
identified as vital to enhancing farmers’ knowledge of risks and solutions, and extension programs
must therefore continue to promote resilience and adaptation in the area. Unfortunately, much of
the MER groundwater that could be used to cope with declining viability of rainfed agriculture and
surface water availability, is poor in quality. The use of saline groundwater could jeopardize the
agricultural sector, and most notably commercial horticulture and floriculture activities. This study
highlights the complex nexus of water quality and sufficiency challenges facing the agriculture sector
in the region, and should help decision-makers to design feasible strategies for enhancing adaptation
and food security.

Keywords: climate change; perception; adaptation; irrigation water quality; agriculture; smallholder
farmers; Ethiopia Rift Valley

Highlights

• Most groundwater and lake waters in the Ethiopian Rift are unsuitable for agricul-
tural use.

• Lack of and erratic rainfall are the main causes of crop failure in the region.
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• Use of improved seeds constitutes the primary adaptation for dealing with wa-
ter scarcity.

• Barriers to adaptation include limited access to water, credit/savings, improved seeds,
and weather/climate information.

• Extension (development) agents are critical for enhancing farmers’ knowledge and
adaptability to climatic variability.

1. Introduction

Climate change impact assessment studies have shown that changes in quantities
and variability of rainfall, as well as rising temperatures, are increasing stress in many
agriculture and water systems, and affecting human and ecological health and well-being,
with likely worsening effects in the future [1–5]. Although the specific magnitude of these
changes and their consequences is subject to scientific uncertainty and regional hetero-
geneity, there is high confidence that the agricultural sector is particularly vulnerable, and
that negative impacts will be concentrated in developing countries [1,6–11]. This may be
particularly true for semi-arid regions of African countries, where local economies typically
remain heavily reliant on climate-sensitive and low productivity rainfed agriculture [10–12].
Other major drivers, such as urbanization, population growth, competition for and degra-
dation of water and natural resources, and other developments, are creating new challenges
for local environments and communities [13–17]. Ethiopia is a prototypical example with a
large and rapidly growing population of about 110 million [18], 80% of whose livelihoods
are provided by agriculture [19]. The agriculture sector in Ethiopia is extremely important,
as it contributes about one-third of the nation’s GDP [19–21]. Additionally, while there has
been notable progress in improving agricultural productivity in recent years, there is still
considerable scope to intensify production and thereby increase food security at local and
national levels [22,23]. Meanwhile, climate change threatens to undo this progress [24].
This study focuses on the Main Ethiopian Rift (MER), a semi-arid region where livelihoods
are dominated by subsistence rainfed agriculture, and where water availability is highly
seasonal and has high interannual variability [25–27].

Agriculture in the MER, as in many regions of Sub-Saharan African countries, is char-
acterized by high labor inputs, low capitalization and mechanization, routine occurrence
of water deficits relative to crop requirements, and resultant low productivity. Difficult
cultivation conditions constrain farmers’ net incomes and capacity for investing in strate-
gies that advance productivity and improve resilience to existing variability, and inhibit
modernization of the agricultural sector. Given the already delicate hydrological balance
in such regions [15,24], and the need to increase agricultural production, additional re-
duction of precipitation or increased variability under climate change will add to existing
pressure on local populations, and could compromise the livelihoods of millions of rural
inhabitants. To build resilience and reduce vulnerability, proactive planning is vital for
adaptation to climate change and coping with a wide set of agricultural and water sector
stressors [28]. Farmers are aware of environmental change and use a variety of strategies
to adapt [10,29,30].

In the agricultural sector, common adaptation methods include the promotion of crop
varieties and livestock species that are better suited to dry and hot conditions, irrigation,
crop diversification, adoption of mixed crop and livestock farming systems, and shifting
of planting dates [31–35]. The provision or expansion of irrigated agriculture, whether
small-scale/farmer-led, large scale public or commercial investment, or some combination
thereof [36], could serve to relieve problems stemming from water variability and seasonal
water scarcity. At the same time, however, irrigated agriculture, especially that supported
by large-scale public systems, creates its own sustainability challenges, since such systems
can be costly to develop, manage, and maintain [37]. In the MER, for example, where
irrigated farms are currently expanding, water quality studies indicate that many water
resources are highly saline (e.g., Na, Cl, and B) and unsuitable for irrigation over the
long term [38,39]. The effects of low-quality irrigation water may not always be appar-
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ent immediately, as these relate to soil characteristics such as permeability, and to crop
choices, especially when soils are already saline and alkaline. Salinity and sodium hazard
indicators—such as the sodium adsorption ratio (SAR) [40–42]—can be used to assess
the suitability of irrigation water sources [43–45], as excessive Na+ concentrations and
salinity can affect both soil and crops. High Na+ content in irrigation water can enhance
cation-exchange replacement of Na+ in water to Ca2+ and Mg2+ ions in the soil, thereby
reducing soil permeability and water infiltration [46].

This study discusses results obtained from an agricultural survey conducted to under-
stand farmers’ sensitivity and perceptions of changing climate, and to explore the influence
of these on crop production and other adaptation choices. The type and role of adaptation
mechanisms to complex regional stressors were assessed across a range of agro-climatic
microzones within the Ziway–Shala Basin of the MER. In addition to these surveys, the
quality of surface and groundwater sources was assessed to determine the suitability of
these for irrigation use in the region. Understanding these aspects is critical for enhancing
policy responses in the region, and is of great importance for the sustainable development
of its agricultural sector under future climate and environmental change.

2. Study Area and Regional Setting

The study area comprises two large basins; the Ziway–Shala and Abaya-Chamo,
plus a small catchment (Awasa) located in the central portion of the Main Ethiopian Rift
(MER) valley. The MER is characterized by a chain of lakes (Ziway–Langano–Abijata–
Shala–Awasa–Abaya–Chamo) that lie at an average altitude of 1600 m above sea level
(m.a.s.l). These lakes receive surface inflow from rivers and springs that drain the western
and eastern highlands (elevation above 2500 m.a.s.l. on average) bordering the MER. The
climatic conditions in the highlands, along the escarpment, and on the Rift valley floor
differ dramatically. Mean annual rainfall in the highlands ranges from about 800 mm
to over 2400 mm, while the Rift valley is semi-arid to arid, with rainfall varying from
300 mm to 800 mm [47,48]. The mean annual temperature in the highlands is less than
15 ◦C and evaporation does not exceed 1000 m per year; on the Rift floor, the mean
temperature is greater than 20 ◦C, and evaporation exceeds 2500 mm [49]. Rainfall in the
Rift is concentrated during the summer months from June to September, with additional
modest rains coming from March to May. During the long, dry period between October
and February, water is extremely scarce. Overall, because evapotranspiration significantly
exceeds rainfall, the water quality in the Rift valley, particularly in its lakes, is highly
degraded. Nonetheless, surface and groundwater resources are currently used by many of
the region’s small-scale agroindustries, commercial irrigators, and floriculture farms.

Indeed, one of the notable developments in past decades has been the introduction
and rapid expansion of irrigated agricultural activity. A continuum of scales and business
models from smallholder farmer irrigation schemes (i.e., farmer-led irrigated agriculture)
to large scale private and state farms have been established over this period. Foreign and
national investment and expertise has flowed in to support such enterprises and stimulate
production in enclosed vegetable and flower cultivation areas.

3. Materials and Methods

This study combined water sampling and testing and smallholder surveys to obtain a
comprehensive view of farming options for coping with climate change. Descriptions of
each of these follow below.

3.1. Water Sampling and Analysis

Groundwater and surface water samples that are used for drinking and irrigation
(specifically those surface waters surveyed around Lake Ziway and Arata), were collected in
the Ziway–Shala and Abaya-Chamo basins in April–May 2010, March 2011 and November
2012. A total of 162 water samples were collected from 135 groundwater wells, 8 cold
springs, 8 rivers and 11 lakes (Figure 1). The groundwater samples were most typically
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collected from active pumping wells, after allowing the water to flow for a few minutes.
Samples from springs and lakes were collected at the mouth of the source and 50–100 m
away from the shore, respectively. First, in situ measurements of pH, temperature and
electrical conductivity (EC) were conducted for all samples. Next, samples for major and
trace element analysis were filtered in the field using 0.45 µm filters, directly into 60 mL
polyethylene bottles. These bottles had been cleaned with trace metal grade ~1N HCl and
~1N HNO3 and then rinsed with deionized water having resistivity >18 MΩ/cm. Major
cation/trace metal samples were immediately acidified with high-purity HNO3 (Fisher
Optima). Unfiltered and unacidified samples were also collected into 60 mL and 30 mL
polyethylene bottle to allow measurement of alkalinity.
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Figure 1. Distribution of water sampling sites in the MER according to type (groundwater, lakes, cold springs and rivers).
SAR values are color-coded. Note that the red rectangle represents an area where use of poor quality water for irrigation
purposes poses substantial risks.
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Concentrations of major cations—calcium (Ca2+), magnesium (Mg2+), sodium (Na+),
and silica (SiO2)—were measured using a direct-current plasma spectrometer (DCP) cal-
ibrated using solutions prepared from plasma-grade single-element standards. Major
anions of chloride (Cl−), sulfate (SO4

2−), and nitrate (NO3
−) were analyzed using an ion

chromatograph (IC). Total alkalinity (as HCO3
−) was measured using titration techniques

to pH 4.5. Trace elements—boron (B) and other trace metals—were analyzed via a Perkin-
Elmer Elan 5000 inductively coupled plasma–mass spectrometer (ICP-MS), calibrated to
the National Institute of Standards and Technology (NIST) 1643e standard.

3.2. Water Quality Parameters for Agriculture

The most important constituents of concern for agriculture include several major ions
(Na+, Cl−, HCO3

−, Ca2+ and Mg2+), and trace elements such as boron. Critical parameters
that constrain soil permeability and crop yields are salinity (as electrical conductivity; EC),
the sodium adsorption ratio (SAR; defined as SAR = Na+/

√
(Ca2+ + Mg2+)/2)) or percent

sodium (defined as Percent Na = Na+/(Na+ + K+ + Ca2+ + Mg+2) ∗ 100), and residual
sodium carbonate (RSC; defined as RSC = (CO3

2− + HCO3
−) − (Ca2+ + Mg+2)).

3.3. Farmer Surveys

A cross-sectional transect survey was conducted across different agro-climatic zones
spanning from the highlands to the escarpment and then to the Rift floor in the Ziway–
Shala basin (Figure 2). In order to select for variation in growing conditions, clusters
of communities conveniently accessible at each location were enrolled along the main
road transect but situated at different elevations, or that were identified through prior
discussions with local government (e.g., water) offices. A total of 147 farmers (143 male and
4 female subjects) aged between 19 and 77 years (mean: 43.7 years) were then interviewed in
December–January 2012. Upon identifying a sample community at a given elevation, field
workers approached households in a community and presented a formal letter from Addis
Ababa University about the study and were asked if they consented to be interviewed.
All respondents granted informed consent, and the anonymity of all investigated subjects
has been preserved. Each farm surveyed was assigned a unique identifying code enabling
it to be matched to spatially referenced data on weather and climate.
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Figure 2. Location of agricultural survey sites.
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During face-to-face interviews, data were collected on the farmer’s household charac-
teristics; land ownership; animal husbandry; cropping; input costs (e.g., for seeds, fertilizer
and pesticides); factors affecting crop yield; source(s) of water for agriculture (rainfed or
irrigation); recent history of crop failure; farm income; distance to the nearest market; and
adaptive capacity. Regarding the latter, questions related to the use of improved seed
varieties and fertilizer, adjustments in cropping patterns, crop marketing, soil and water
conservation, and access to extension services. Farmers were also asked a set of questions
on perceptions of recent trends in the timing of rainfall, its predictability and amount,
trends in temperature change (comparing the past three years to ten years prior), and
measures they had taken to adapt to those perceived changes. Finally, farmers were asked
about constraints limiting their ability to adapt to any perceived changes. The coded survey
data were subsequently entered using Microsoft Excel 2010 and SPSS spreadsheet-based
statistical packages.

The survey data were analyzed in a regression framework using Stata software. The
main outcome for this analysis was farmer adaptation behavior [31–33,50]. In order to
measure adaptation behavior, a simple index was generated by counting the number of
farming adaptation behaviors named in the survey. This index ranges from 0 to 10 in
the sample, with a mean of 4.4, and is approximately normally distributed. The index
variable was regressed using Ordinary Least Squares regression on explanatory variables
of interest available from the full sample of 147 surveys. The key explanatory variables
included climate awareness (information received from the Development “extension”
Agent), literacy, number of neighbors, and if the farmer had experienced a crop failure
in the past five years. Further, the economic status of the farmer was controlled for
via inclusion of variables indicating farmer productivity (farm revenue per hectare), the
number of cattle owned (a traditional form of wealth), and indicators for access to electricity
and irrigation. Each of these variables was expected to have a positive relationship with
the adaptation index, as they should enable a farmer to more readily engage in adaptation.
Still, the relationships between them should not be interpreted as causal (given concerns
about reverse causality), and our analysis is therefore primarily descriptive. Moreover,
high levels of significance are not expected given the small sample size, the sensitivity
of the available measurements, and the complexity of adaptation decision making. The
regression model does include fixed effects by district, which best accounts for unobserved
geographic characteristics that might help determine adaptation behaviors.

3.4. Focus Groups with Key Informants

Finally, focus group discussions (FGDs) were conducted during the field work mainly
with community leaders and other farmers in 6 representative rural villages in the Ziway–
Shala basin. These FGDs allowed for more in depth probing on questions related to
knowledge of climate change, and to assess more qualitatively what it meant for both them
and their broader communities.

4. Results and Discussions

This section describes the main results of the study, beginning with the water quality
assessments, analysis of its irrigation suitability, and then presenting the survey results.

4.1. Water QUality and Suitability for Agriculture

Various hydrochemical constituents present in irrigation water can negatively affect
crop productivity and soil fertility. This is especially true for sources that are subject to
evaporative enrichment, such as the surface waters of the MER. Given that farmers are
likely to face dwindling supplies of water under climate change [25], they may seek to
increase the use of more reliable sources such as lake water or groundwater, in order to
substitute for or supplement increasingly unreliable rainfall and seasonal supplies. The
most important constituents of concern for agriculture include several major ions (Na+,
Cl−, HCO3

−, Ca2+ and Mg2+), and trace elements such as boron. Critical parameters that

160



Climate 2021, 9, 92

constrain soil permeability and crop yields are salinity (as electrical conductivity; EC), the
sodium adsorption ratio (SAR), and residual sodium carbonate (RSC) [51–53]. The sample
analysis indicated that most water sources have EC below 3000 µS/cm and SAR below 80.
Rivers and cold springs have EC below 500 µS/cm and SAR below 3. The rift floor lakes
range from fresh (e.g., Lake Ziway) to highly alkaline (e.g., Lake Chitu) (Figure 1). The
EC levels of the highly alkaline lakes of Shala, Abijata, and Chitu were especially high, at
22,500, 40,800 and 45,800 µS/cm, respectively.

4.2. Effect of EC and SAR on Water Infiltration

Excessive Na+ and salinity concentrations in irrigation water create hazards for both
soil and crops. High Na+ content in irrigation water can enhance cation-exchange replace-
ment of Na+ in water for Ca2+ and Mg2+ ions in soil, thereby reducing soil permeability
and water infiltration [43]. The suitability of the various sampled waters for infiltration
was evaluated using the Ayers and Westcot [45] classification that shows the relationships
between salinity and sodicity (Figure S1). Most samples fall in the ranges corresponding
to severe infiltration reduction (Table 1). Even at low EC, the high SAR can cause water
infiltration problems. While infiltration may sometimes remain acceptable when both SAR
and EC values are high, salinity beyond the safe threshold for a crop may still inhibit yields
by restricting the amount of soil water that is available. Specifically, crop yields tend to
decline linearly beyond this threshold, especially in arid and semi-arid regions [54,55].
Vegetable crops are often particularly sensitive [54].

Table 1. Water source types and their suitability for irrigation based on the Ayers and Westcot [45].
classification.

Irrigation Water Quality Groundwater Wells Rivers Lakes Cold Springs

Severe 76 6 5 6
Slight to moderate 54 2 1 2

No problem 5 0 0 0

Irrigation water quality was also evaluated using the USDA classification diagram
(Richards, 1954) (Figure 3). The diagram classifies the suitability of water for agricultural
purposes into four categories based on SAR and EC: SAR (S1, S2, S3 and S4), and salin-
ity (C1, C2, C3 and C4) where 1, 2, 3, 4 represents low, medium, high and very high,
respectively (Table 2). Eighteen of the groundwater samples and most of the cold spring
and river samples from the study were found to lie in category C1-S1, with low salinity
and low sodium, which indicates suitability for irrigation water in almost all soil types.
Sixty groundwater samples including Lake Ziway fall in the category C2-S1 and C3-S1
(medium to high salinity and low sodium). Waters in these categories can be used for
irrigation in almost all soil types with little danger of exchangeable sodium. Lake Ziway is
indeed the only freshwater lake in the Rift that is intensively used for irrigation at this time.
An additional four groundwater samples that fall into the medium salinity hazard class
(C2) but have sodium levels ranging from S2 to S4 can still be used if accompanied by a
moderate amount of leaching.
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Figure 3. Suitability of water sources for irrigation, based on USDA classification (after Richards [46]).

Table 2. Water types and irrigation water classifications as shown in Figure 3.

Groundwater
Wells

Rivers Lakes
Cold

Springs

C1S1 18 6 - 6
C2S1 42 2 1 2
C3S1 18 - - -
C2S4 1 - - -
C3S4 19 - 2 -
C4S4 5 - - -
C2S3 1 - - -
C3S3 11 - 2 -
C4S3 2 - - -
C2S2 2 - - -
C3S2 16 - 1 -
C4S2 - - 1 -

Most (71 groundwater samples and all lakes except Lake Ziway) samples, however,
were categorized to be of high to very high salinity (C3 and C4), and medium to very high
sodium (S2, S3 and S4). These samples cannot be used in soils with restricted drainage.
Even with adequate drainage, special management for salinity control is typically required
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and salt-tolerant crops should be selected. Analyzing the spatial distribution of suitability
for irrigation, it becomes apparent that most groundwater wells and rivers emerging from
or nearer the highlands (including Lake Ziway) are suitable for irrigation with little danger
to the soil and crops. The other lake and groundwater samples, however, would require
treatment before application if they are to be used for irrigation over the long term.

An additional limiting factor for irrigation water is the presence of HCO3
− anions,

which can trigger carbonate precipitation and cause scaling in irrigation pipes and pumps.
Saturation of carbonate minerals may reduce the Ca2+ and Mg+2 content of the soil water,
and consequently increase SAR values. As described above, the RSC is an alternative
measure of the Na+ content in water that also accounts for Ca2+ and Mg+2. If RSC <1.25,
the water is considered safe, while >2.5 indicates that the water is not appropriate for
irrigation. In the groundwater samples, RSC varied from –1.3 to 33.4; while 20 of the
samples were found safe, 60% were deemed unsuitable for irrigation, with the remainder
falling in between.

Different plants have varying tolerance to salinity, but adverse effects on crop yields
are typically apparent at EC exceeding 1000 µS/cm [42]. Similarly, concentrations of boron
above 0.5 mg/L significantly reduce crop yields, particularly for boron-sensitive crops such
as strawberries, beans, onion, and garlic [42]. Figure 4 shows that the salinity and boron in
a large proportion of the groundwater wells exceeds these threshold values.
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Figure 4. Variation of boron and electric conductivity (EC) in MER groundwater. The squared region indicates where values
are acceptable for irrigation water, and values outside these areas suggest potential problems with sustained utilization.

All in all, these results indicate that sustained application of MER groundwater would
likely not be possible due to water quality concerns. This limits the ability of irrigators
to supplement irregular or insufficient surface water supplies with more dependable
groundwater sources. Of course, for soils that have never been or are infrequently used,
crop productivity is less likely to be harmed by high salinity water during the initial periods
of use. Other factors such as climate, soil type, crop and plant species and management
practices also need to be accounted for when identifying acceptable levels of irrigation
water salinity and sodicity [54].
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5. Results of the Farm Surveys

The 147 interviewed farmers are predominantly male (94.6%, n = 139) and heads of
their households (98.4%). Males tend to be the primary agricultural decision-makers in
Ethiopia [56]. More than 87% of the households are from the Oromo ethnic group. About
75% of the heads of household could read and write at the time of the survey, while 28%
had had no formal education. The farming system of the study areas was dominated by
mixed cropping and livestock husbandry (for 90% of the farmers), while a minority of
farmers exclusively grew crops. Farm households depend on crops for both food and
cash income. Below, we describe the main survey outcomes of the study, namely crop
choice, use of irrigation, perceptions of climate stresses and change, factors determining
good and bad crop yield, climate change impacts on agriculture, and adaptation practices
and constraints.

5.1. Crop Choice

Across the different agro-climatic zones, at the time of the survey, farmers grew
crops suitable to existing rainfall and temperature conditions. In the Rift floor areas
(<1750 m), maize and teff were the predominant crops, but this area is also suitable for
other cereals including wheat, haricot bean and sorghum. Farmers located at higher
altitudes (1750–2100 m), meanwhile, grew mostly maize, wheat and teff, and highland
(>2100 m) farmers predominantly produced wheat and barley. Other highland crops
include fava bean, field pea and maize. These varying cropping patterns indicate that
farmers are well-attuned to the historic climatic advantages in their specific locations. Still,
farmers reported changes in the climate that are endangering their practices, especially in
the lowlands. In the rift, farmers also use improved seed for crops such as of maize, wheat,
barley and haricot bean as a primarily response to rainfall variability although access to
these seeds is limited.

5.2. Farmers’ Irrigation Use

Most farmers in the survey do not use irrigation, but rather rely on rainwater to
cultivate cereal crops. Many farmers do view irrigation as an important opportunity to
improve their agricultural system but lack the capacity or knowledge to access and utilized
surface and groundwater sources. In the irrigated areas surveyed in the Rift Valley (at Arata
and around Lake Ziway), farmers produce horticultural crops that include tomato, onion,
pepper and cabbage. The farmers that use irrigation typically achieve better productivity
and profits, although they also report occasionally losing their crops due to excessive rain,
or lack of profit due to price reductions during productive periods. As demonstrated in
the previous section on water quality and as shown in Figures 1 and 2, high quality water
sources do exist in the region that could be or were already being used for irrigation. For
instance, the existing and on-going development of the floriculture sector in the MER (such
as Meki and Ziway towns in the MER) is mainly based on surface water (Lake Ziway
and its rivers) resources. Most groundwater sources in the region are too poor in quality
for agricultural use, however (e.g., Figure 1; red block area), and increased groundwater
extraction may also threaten the sustainability of the aquifer, which is essential for many of
the region’s rural drinking water supplies. With regard to drinking water, these sources
have also previously been shown to be contaminated with elevated levels of fluoride and
arsenic [38,39,57]. Continued monitoring of the quantity and quality of the groundwater
resources is essential to mitigate the associated negative impacts.

5.3. Perceptions of Climate Stresses and Climate Change

Most farmers reported in the survey that lack of rain is one of the main constraints to
agricultural productivity. Many also indicated that they thought rainfall was becoming
more erratic. Figure 5 shows farmers’ perceptions of changes in the pattern of rainfall and
temperature. More than 70% of the farmers stated that rain comes and stops later than
expected, compared to ten years ago. Moreover, a majority perceives that the climate is
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drier, hotter, less predictable and generally worse for farming than it used to be, especially
in lowland areas. A few farmers (6%) report no changes in temperature and rain. Despite
perceptions of more erratic precipitation, some farmers report that their farm output is
improving due to their use of improved seeds and fertilizers.
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Figure 5. Farmer perceptions of climate change in the Ziway–Shala basin.

In focus groups, it was noted that farmers were generally aware that changes to
the climate are becoming a serious problem. These changes are widely perceived as
being related to rainfall variability (rain comes too early and stops too late, and is uneven
in amount, whether too high or too low), and farmers in the Rift especially reported
experiencing a significant reduction in overall rainfall, alongside extreme and unexpected,
rare heavy rainfall episodes. In the highlands, complaints were primarily related to
variability, rather than to the quantity of rainfall. Due to rainfall shortage in the Rift,
farmers start planting drought-tolerant early maturing maize varieties, though there is
limited supply of such seeds. In some cases when there has been no rainfall in April and
May, farmers forgo planting entirely. Maize productivity is also decreasing from time to
time; however, farmers are achieving enhanced returns by shifting to wheat, barley and
teff cultivation.

5.4. Factors Determining Good and Bad Crop Yield

Farmers pointed out that uninterrupted and sufficient quantities of rain, availability
of farming inputs (fertilizer and seeds), and personal efforts are the most important fac-
tors determining a good crop season and productivity (Figure 6). In contrast, lack of or
excessive rain or unexpected rain, low crop price, lack of available and affordable inputs,
and insufficient personal effort all contribute negatively to crop productivity and profit
(Figure S2). Rainfall appears most important in these responses. The study revealed that
insect pests and diseases are also major problems facing farmers in the region.
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Figure 6. Relative importance of factors determining a good crop year.

5.5. Climate Change Impacts on Agriculture, Adaptation Practices and Constraints

In the 5 years prior to the survey, 66.7% of the farmers reported experiencing crop
failure at least once. Crop failure occurred in the Rift floor (<1750 m) an average of 1.6 times
in a 5-year period, in contrast to only 0.5 times in the highlands (>2100 m). The majority
(80%) of farmers on the Rift floor and 22% in the highlands had experienced at least one
crop failure in the 5 years preceding the survey. Table 3 shows the frequency of crop failure
at different altitudes. Lack of rain (61% of respondents) and unexpected rain (27%) are the
most important determinants of these frequent crop failures. Agriculture in the Rift faces
about 76% more crop failures than in the highlands. Crop failures were stated as the cause
of food shortages for some households, and a need for food assistance.

Table 3. Frequency of reported crop failures in the past 5-year at different elevations.

Crop Failure
in the Past 5 Years

1640–3100 m
(n = 147)

<1750 m
(n = 76)

1750–2100 m
(n = 35)

>2100 m, Elevation.
(n = 36)

Percentage of respondents
0 33.3 19.7 17.1 77.8
1 24.5 23.7 48.6 2.8
2 25.2 34.2 20.0 11.1
3 16.3 22.4 11.4 8.3
4 0.68 0.0 2.9 0.0

Average crop failure 1.14 1.6 1.3 0.5

Practices that farmers are implementing to improve their farming, as reported in the
survey, are summarized in Figure 7. About 70% of sample respondents stated that they
use high yield crop varieties or early maturing seeds. A large proportion of farmers use
fertilizer—–mostly DAP (Diammonium Phosphate) and urea—–and roughly half of them
practice crop rotation to improve soil conditions and yield, and to minimize the buildup of
weeds, insect pests and plant diseases. The most common crop rotations are between cereal
crops. Among irrigators, vegetables and cereals are also commonly rotated. Farmers use
terracing and afforestation, conserve seeds and other natural resources, and use irrigation
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as key practices to improve productivity. A few wealthy farmers in the highlands use
mechanized technology (e.g., renting tractors) to quickly collect crops during harvest.
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Figure 7. Different measures farmers use to improve productivity.

As a response to rainfall shortages, farmers in the Rift reported increasing planting of
drought-resistant early maturing maize varieties (as well as wheat, haricot, and barley),
though there is limited supply of such seeds. Farmers sometimes skip planting maize when
the rains fail in April and May, and many were shifting away from maize in favor of wheat,
barley and teff. In focus groups, many farmers argued that deforestation for firewood
and charcoal production were major contributors to environmental or climate changes
and expressed concern over the loss of pollinators from overuse of chemical pesticides in
the area’s floriculture farms. Farmers in several sites indicated they were involved in the
protection and planting of new trees (i.e., area closure plans), as part of efforts organized by
the regional government, while others mentioned projects to build ponds, enhance water
conservation and flood protection, replace chemical fertilizer with manure/compost, and
increase crop rotation and diversity to respond to climate stresses. Furthermore, farmers
noted that over 350 million trees had been planted in one day (29 July 2019) across the
country as part of Ethiopia’s Green Legacy Initiative, setting a new record. This effort was
conceived to help counter the effects of deforestation and climate change.

Lack of access to water, credit or savings, knowledge, information on weather and
climate change were identified as major barriers to adaptation to climate and environmental
change (Figure S3). Some farmers in the Rift Valley are also reluctant to take available
loans when they get access to credit, due to the high uncertainty concerning rainfall, and
the associated risk of crop failure and inability to pay back loans. Farmers unable to
pay their loans are sometimes forced to sell to livestock or end up mired in bad debts.
While market access or transportation was not identified as a major barrier to adaptation,
many farmers noted that markets do not function in a way that allows them to maximize
earnings. Specifically, more than 50% of farmers sell their crops within 3 months of harvest,
which is also the period when prices are lowest. Farmers feel that they have limited
bargaining power over prices, which are typically set by local traders. Farmers associations
are nonetheless trying to organize to purchase crops from local farmers while the price is
low, so as to sell them to the market when prices rise, and allow for increased revenues.
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The regression analysis (Table 4) reveals relevant patterns in the determinants of
farmer adaptation to climate change. While receipt of information on climate change
does not significantly predict adaptation, it does have a positive relationship as would be
predicted based on the role of Development Agents in transmitting information. Other
studies have similarly found that extension services are positively associated with adapta-
tion, presumably reflecting access to information and other resources that empower farm
households to adjust to climate risks [32,50]. Farmer literacy is positive and significant at
the p < 0.10 level, which is suggestive of a greater ability to receive and process information
from external sources, or of correlation with higher socio-economic status and ability to
adapt. Farmer productivity (farm revenue per hectare) also has a positive and statistically
significant correlation with adaptation at the p < 0.10 level, even when controlling for
other measures of wealth and economic well-being (though this may also indicate that
adaptation leads to greater productivity). While not significant, several other variables
have a positive relationship with adaptation, such as experience with crop failure and
the number of neighbors. Farmers must take into account a large variety of factors and
both individual and community characteristics in order to determine how and when to
adapt [58].

Table 4. Regression of adaptation behaviors on farmer characteristics.

Variables Adaptation Index

Climate Information from Development Agent 0.25 (0.517)
Literacy 0.72 * (0.428)

Number of Proximate Neighbors 0.05 (0.114)
Experienced Crop Failure in Prior 5 years 0.51 (0.461)

Log Productivity (Revenue/Ha) 0.33 * (0.171)
Cattle Owned 0.01 (0.031)

Access to Electricity 0.03 (0.572)
Access to Irrigation −0.0 (0.564)

Constant 0.51 (1.786)
Observations 147

R-squared
District Fixed Effects

0.135
Yes

Standard errors in parentheses; * p < 0.1.

6. Conclusions, Policy Implications, and Future Work

Climate change impact assessment studies have shown changes in the quantity and
variability of rainfall, as well as rising temperatures in Ethiopia—by an average of 1 ◦C
since 1960, which is projected to increase by 1.81 ◦C in 2040–2059 [59]. Climate change is
threatening rainfed agriculture and rural livelihoods in many parts of the world, especially
in highly vulnerable regions and in low-income countries in Africa, such as Ethiopia.
The location of this study, the Rift Valley of Ethiopia, is highly vulnerable to climate
stressors [5,20,60]. Our study relied on the analysis of primary data on water quality,
obtained to evaluate the suitability of different sources for irrigation, as well as survey data
pertaining to farmers’ perceptions, their adaptation behaviors, and general barriers that
challenge adaptation in the MER.

The most salient climate-related shocks in the region are a lack of rainfall and the
high variability of rainfall, and crop failures are common. The study also identified
several adaptation mechanisms undertaken by households in response to climate-related
shocks: the use of new high yield crop varieties, early maturing seeds, increased fertilizer
application, and changing crop rotations. They also use terracing, afforestation, seed saving,
the conservation of natural resources and irrigation to increase productivity, reduce risk,
and control environmental degradation. Irrigation is a common adaptation response to
reduced water availability globally, but our assessments of the suitability of irrigation water
point to several threats in the MER. First, judging by measures of EC and SAR, most water
sources are categorized as having severe or slight to moderate negative implications for
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soil permeability and reduced water infiltration. In addition, high bicarbonate and boron
concentrations pose water quality threats for cultivation.

It is observed that the role of Extension (“Development”) Agents (DAs) is vital to
enhancing farmers’ knowledge of potential adaptation strategies. This service is currently
available in the study basin and is critical for increasing farmers’ adaptability in the face of
continuing climatic variability. Meanwhile, the main barriers to adaptation include a lack
of access to water, credit or savings, lack of appropriate seeds, knowledge and information
on weather and climate. Improving access to credit, increased ability to arbitrage sales
over seasons with high market prices for local agricultural products, enhancing access
and distribution of sufficient seeds (in variety and amounts), early warning on weather
during planting and harvesting seasons, and knowledge transfer on effective farming
practices (e.g., the use of fertilizers that are suitable and proper amount for a given soil
type) are some of the measures that should to be taken to improve farmers’ productivity
and adaptive capacity to climate change.

Based on the findings of this study, it would be unwise to further develop irrigated
agriculture without establishing that water sources being exploited in specific sites are of
sufficient quality. Nonetheless, the viability of rain-fed agriculture is clearly threatened
by the changing climate, and crop failures are increasingly prevalent in communities,
particularly those located in the Rift floor. This situation calls for careful planning of
alternative livelihoods strategies for households, by decision-makers who understand
these challenges and are willing to design new strategies for adaptation, food security, and
enhanced rural well-being.

6.1. Water and Farmers’ Survey Data Collection Time and Its Implication in the Study Area

While the data collection was carried out over a decade ago, it provides useful and rich
reference information that can be used as a baseline for examining future changes pertaining
to a very data limited region. We use these data to assess the dynamics inherent in farming
practices, farmers’ perceptions of and adaptation to changing climate and crop productivity,
in a context where climatic changes were already being experienced in significant ways.
Observing the livelihood of the communities in this region over time, we are confident
that no major changes in practices have occurred currently and that agriculture remains
unproductive, with the use of antiquated farming practices, very limited or no technology
use, and low capacity and resources to invest in improved productivity. Given most
groundwater sources in the Rift are not suitable for agriculture due to salinity, which is one
of the reasons for the increased pressure on the use of the fresh water sources from Ziway
lake and its tributaries. Subsistence agriculture continues to be the main source of income
for most farmers in the region. While it may be necessary to monitor specific changes in
farmers’ behavior and practices over the recent period, we do not anticipate significant
changes given that farmers have generally remained in similar conditions marked by a lack
of capacity to respond to changing environmental conditions. This includes responses to
climate variability and trends, which have increased vulnerability relative to conditions
experienced ten years ago.

6.2. Implication of the Study to Current and Future Local Policies

Our findings on adaptation and barriers to adaptation suggest the need to intensify
agricultural productivity by increasing irrigation and technology use in the farming prac-
tices in the region. This will improve farmers’ food security and income. Considering the
farmers’ high reliance on unpredictable rainwater for agriculture, policy driven actions
that support irrigation use, with particular attention not only to water availability but
also to water quality, are critical. Enforcing the regulation of water quality is particularly
important to avoid salinization of the soil, which may further exacerbate declining crop
productivity in the face of ongoing climate warming. Since freshwater scarcity in the region
is prevalent, water use is more determined by its availability or quantity than water quality
in the region.
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6.3. Future Work

Our study highlighted water quality issues that could threaten irrigation-based adap-
tation in the MER, while demonstrating that the region’s farmers perceive changes in
climate (temperature and rainfall variability) but are limited in their ability to adapt to
them. These results can be useful as baseline information for additional in-depth studies
on the impacts of surface and ground water irrigation use on soil salinity and agricultural
productivity. Further work should be carried out to identify suitable water management
strategies that address water scarcity while paying heed to water quality challenges (e.g.,
high salinity, SAR, and bicarbonate). In addition, the study showed the dependence of
farmers on specific seed varieties (early maturing, drought-tolerant, and high yielding
crops) whose supply is limited, and whose uptake may have other unintended long-term
consequences. High-yield seed varieties that are suitable for saline soil or viable in arid
and semi-arid conditions continue to be needed, and soil stability and recovery must be
carefully considered in future work.
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Abstract: Short-rotation woody crops have maintained global prominence as biomass feedstocks for
bioenergy, in part due to their fast growth and coppicing ability. However, the water usage efficiency
of some woody biomass crops suggests potential adverse hydrological impacts. Monitoring tree
water use in large-scale plantations would be very time-consuming and cost-prohibitive because it
would typically require the installation and maintenance of sap flux sensors and dataloggers or other
instruments. We developed a model to estimate the sap flux of eastern cottonwood (Populus deltoides.
Bartr. ex Marsh.)) grown in bioenergy plantations. This model is based on adjusted vapor pressure
deficit (VPD) using Structural Thinking and Experiential Learning Laboratory with Animation
(STELLA) software (Architect Version 1.8.2), and is validated using the sap flux data collected from a
4-year-old eastern cottonwood biomass production plantation. With R2 values greater than 0.79 and
Nash Sutcliffe coefficients greater than 0.69 and p values < 0.001, a strong agreement was obtained
between measured and predicted diurnal sap flux patterns and annual sap flux cycles. We further
validated the model using eastern cottonwood sap flux data from Aiken, South Carolina, USA with a
good agreement between method predictions and field measurements. The model was able to predict
a typical diurnal pattern, with sap flux density increasing during the day and decreasing at night for
a 5-year-old cottonwood plantation. We found that a 10% increase in VPD due to climate change
increased the sap flux of eastern cottonwood by about 5%. Our model also forecasted annual sap flux
characteristics of measured cycles that increased in the spring, reached a maximum in the summer,
and decreased in the fall. The model developed here can be adapted to estimate sap flux of other
trees species in a time- and cost-effective manner.

Keywords: cottonwood; climate change; sap flux; STELLA; vapor pressure deficit

1. Introduction

Fossil fuel consumption has been strongly tied to various sources of environmental
degradation. Climate change, in particular, is attributed in part to CO2 emissions, and this
issue has motivated continuing efforts to identify sustainable alternatives to fossil fu-
els [1–4]. Various types of biomass have been identified as renewable bioenergy feedstocks
of global significance [4–9]. Algae, agronomic crops, grasses, trees, municipal wastes,
and other biological materials can be sourced for biomass, and biomass can be converted
to solid, liquid, or gaseous fuels to yield energy for industrial, commercial, and domestic
uses. The US Department of Energy is promoting an increased usage of biofuels in the
United States by targeting the creation of a biomass supply of 1 billion dry tons per year by
2030 [4].
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Tree and shrub cultivation in short-rotation (2–15 years) provides for high-yielding
bioenergy feedstock production. Over the past several decades, researchers have refined
improvements in short-rotation tree and shrub species such as eastern cottonwood (Popu-
lus deltoides Bartr. ex Marsh.), willow (Salix spp. L.), and eucalyptus (E. globulus Labill.) by
selecting for rapid growth, pest tolerance, and site suitability [10,11]. Eastern cottonwood
is a fast-growing poplar and one of the largest native North American broadleaf trees [12].
Eucalyptus is among the fastest growing hardwood plantation species utilized around the
world. Its suitability to plantation culture is driving current research and development
towards application to large-scale biomass production in the southern United States [11,13].
Shrub willows have been selected for short-rotation intensive culture in the northeastern,
north–central, and mid-Atlantic regions of the United States [14].

There are, however, concerns about the water use of trees in short-rotation bioenergy
systems, especially in regard to the potential adverse environmental impacts of excessive
water use [15–19]. Scott and Lesch [20] reported a 90 to 100% reduction in stream flow for
eucalyptus and a 40 to 60% reduction in stream flow for pines (Pinus spp. L.) in the first
8 years or so after planting. Morris et al. [21] studied water use in the eucalyptus plantations
of southern China and noted that annual water use by these plantations is about 550 mm,
but potential annual water use could reach 865 mm where soil water was not limiting.
Flanagan et al. [19] used the eddy covariance measurement of evapotranspiration (ET) to
estimate water use in a riparian cottonwood ecosystem in Alberta, Canada. They found a
comparatively high water use driven by relatively warm summer temperatures and high
vapor pressure deficit ((VPD) which is the difference between the amount of moisture in
the air and the maximum (saturated) amount of moisture the air can hold) and supported
by sufficient availability of alluvial groundwater. In regard to VPD, Weih [22] reported
that fast-growing hybrid willows are generally more sensitive to water stress and have
lower water use efficiency than slower-growing wild clones. Though the studies cited
above provide valuable insights into water use by trees in short-rotation bioenergy systems,
the long-term, continuous, and real-time monitoring of water use by trees in biomass
production plantations has rarely been conducted.

Sap flux measurement is currently the most widely used method for assessing indi-
vidual tree water use. Its advantages include a well-established technology, the ability to
continuously monitor trees for lengthy time periods, and the fact that instrumentation does
not modify the ambient environment [23,24]. However, for commercially sized biomass
production plantations, it would be very time-consuming and costly to install and maintain
a sufficient number of sensors and dataloggers to accurately and continuously assess tree
water use with real-time resolution. Therefore, there is a need to develop practical and
reliable methods for estimating tree water use in intensively managed short-rotation woody
crop systems.

This problem may be addressed with an understanding of the relationships between
sap flux and its driving environmental variables [24–29]. Hogg et al. [25] compared the sap
flux and eddy flux of water vapor in a boreal deciduous forest and found that the sap flux
response lagged behind eddy flux measurements by about 1 hour diurnally—presumably
because of water storage within the trees. Nadezhdina [26], who studied sap flux in apple
trees (Malus domestica Borkh.) over one growing season, found correlations to the diurnal
patterns of leaf water potential, air temperature, relative humidity, and solar radiation.
Wilson et al. [27] compared forest evapotranspiration with sap flux, VPD, soil water budget,
and eddy covariance. Reasonably good agreement was observed between sap flux and VPD
as well as sap flux and eddy covariance based on annual data. Liu et al. [29] studied the
sap flux of sawtooth oak (Quercus acutissima Carruth) and china-fir (Cunninghamia lanceolate
(LAMB) Hook.) relative to photosynthetically active radiation (PAR), air temperature,
relative humidity, VPD, precipitation, and soil water content. Significant linear correlations
were found between sap flux and PAR, air temperature, and VPD, but not soil water
content. These studies establish mechanistic relationships between tree water flux and
certain environmental variables based on the response of stomata to environmental drivers,
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but most of the reported relationships were obtained using annual data that provided low
correlation coefficients. Diurnal sap flux patterns are typically not distinctly parallel to
the diurnal patterns of environmental variables. Therefore, it is difficult and inaccurate to
simply predict diurnal sap flux directly from environmental variables.

Climate change is a natural phenomenon. However, anthropogenic activities such as
fossil fuel burning, industrial pollution, deforestation, and population growth have greatly
accelerated greenhouse gas emissions and resulted in extremely abnormal climate change
patterns [30]. Climate change over the last several decades has been linked to atmospheric
water vapor content increase, precipitation pattern shifts, snow cover reduction and ice
melt, and surficial hydrological cycle changes [30]. Lasch et al. [31] investigated the impacts
of short-rotation coppice plantation with aspen (P. tremula L.) in Eastern Germany under
changing climate conditions. These authors found that the aspen plantations contributed
to regional CO2 mitigation and carbon sequestration, but had negative on the regional
water budget due to climate change. Griffiths et al. [32] reviewed the environmental effects
on short-rotation woody crop production. They cited long-term water use, C dynam-
ics, and soil quality studies as being needed to evaluate the potential effects of climate
change. Currently, our understanding of climate change effects upon the sap flux of eastern
cottonwood in short-rotation plantations is basically unknown.

The goal of this study was to develop a novel model for estimating diurnal and
annual sap flux of trees in short-rotation biomass production plantations associated with
climate change impacts. To accomplish this goal, we based our model on adjusted VPD
using Structural Thinking and Experiential Learning Laboratory with Animation (STELLA)
software, and used eastern cottonwood as the plantation tree species. We investigated
the relationship between adjusted VPD and eastern cottonwood sap flux to address the
following objectives: (1) establish a model using diurnal patterns and annual cycles of
adjusted VPD to predict those of measured eastern cottonwood sap flux; (2) validate
the model using an independent sap flux dataset collected from sensor measurements;
and (3) apply the model to predict eastern cottonwood sap flux in the absence of measured
sap flux data under a changing climate. It should be noted that we approached the problem
of predicting sap flux with the variable VPD because VPD data are easy to obtain from local
weather stations, and sap flux tends to follow VPD more closely than other environmental
variables such as air temperature and PAR. The model developed here provides a new
paradigm for estimating the sap flux of trees in short-rotation bioenergy plantations in a
time- and cost-effective manner.

1.1. Study Site

This work is based on sap flux measurements collected at a biomass production
plantation located near Hollandale, Washington County, Mississippi, US (see Figure 1).
The plantation was established in 2012 to study eastern cottonwood and black willow
(S. nigra L.) biomass production under several planting densities and harvest regimens.

The plantation is situated on a site with Sharkey clay soil that is poorly drained, and the
site was previously used for rice (Oryza sativa) production. For this study, we instrumented
six representative eastern cottonwood trees (each 3 years old) with a planting density of
1 m × 1 m and a plot area of 1.01 hectare, with 2 cm long laboratory made heat dissipation
type sensors [33] to collect sap flux measurements from September 2015 to September 2016.
One constructed sensor pair consists of a reference and heated sensor, each containing
thermocouples within hypodermic needles. Each sensor was installed radially in the
xylem of each tree at a height of 120 cm, where the diameter at breast height (DBH) was
measured. The sensors were about 10 cm apart vertically, and the immediate area of
the stem was covered with insulated aluminum shielding that prevented solar radiation
from impacting readings. All sensors were connected to a CR1000 datalogger and AM
16/32/B multiplexer (Campbell Scientific Inc., Logan UT, USA) and the instrumentation
was powered by rechargeable marine deep cycle batteries connected to a solar panel
(Figure 1b). The system was programmed to measure voltage differences between sensors
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corresponding to thermocouple temperature differences every 30 s, and data were averaged
every 30 min. As water flows through the xylem, it cools the heated sensor relative to
the reference sensor and, therefore, temperature differences between sensors can be used
to infer sap flux rates. Collected data were transmitted to an office computer through
a wireless carrier (Verizon Inc.). This real-time system enabled periodic monitoring for
malfunctions and quick troubleshooting. Meanwhile, time series VPD data with the same
collection interval (i.e., every 30 min) were downloaded from an on-site weather station
(https://www.hobolink.com). Missing data from the on-site station were replaced with
data from the nearest weather station, which was located about 40 km north of the study
site (https://www.wunderground.com/history /airport/KGLH/). The VPD data were
calculated using the following formula [34]:

Dvp =

[

1 −
(

RH

100

)]

∗ 610.7 ∗ 10
7.5Tair

237.3+Tair (1)

where Dvp is the vapor pressure deficit (Pa), RH is the relative humidity (%), and Tair is
the air temperature (oC). Differences in sap flux sensor temperature were converted to
sap flux densities (g/m2/s) with the widely accepted empirical equation developed by
Granier [33] using the software program Baseliner version 4. Data were scaled to the tree
level (g/s) with DBH measurements on the assumption that the entire cross-sectional area
was conductive sapwood.

 
Figure 1. A short-rotation woody crop plantation used in this study near Hollandale, Mississippi,
USA (a) and real-time monitoring of sap flux from eastern cottonwood using the sensor–datalogger
system (b).
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1.2. Adjusted VPD and its Correlation with Sap Flux

The measured hourly sap flux and VPD over the study period illustrated that the high-
est diurnal peaks for these two variables were not aligned (Figure 2a). That is, the highest
peaks for hourly sap flux occurred mostly in the summer, whereas the highest peaks for
hourly VPD were observed in the early fall. Analysis of hourly measured sap flux and
VPD over the one-year study period (Figure 2b) revealed a very weak relationship between
these variables (R2 = 0.263). Further examination of measured sap flux and VPD at diurnal
scales in spring, summer, and fall (there are no leaves in winter) revealed the following
three distinct patterns (Figure 3): (1) sap flux peaked around 10:00 a.m. under normal
conditions; (2) peak VPD typically lagged about 3 hours behind peak sap flux; and (3) sap
flux maintained a constant value close to zero from 9:00 p.m. at night to 6:00 a.m. the
next morning, while VPD remained above zero during the same period. Based on these
observations, unadjusted diurnal VPD would be unsuitable for predicting diurnal sap flux.
However, VPD could be adjusted to develop a stronger correlation with sap flux.

𝐷 = 1 − 𝑅𝐻100 ∗ 610.7 ∗ 10 ..

Figure 2. Time series plots of the measured sap flux and the measured vapor pressure deficit
(VPD) (a) and their correlation (b) for eastern cottonwood in a biomass production plantation near
Hollandale, MS, USA.

We employed the following eight steps (Figure 4) to adjust measured VPD and develop
a mathematical relationship between sap flux and adjusted VPD.

1. Measured VPD was shifted about 3 hours ahead so that diurnal VPD peaks corre-
sponded to diurnal sap flux peaks (Figure 5). Such adjustment is needed for a better
prediction of sap flux behaviors using VPD. The 3-hour time shift ahead was only for
this study site and could be varied with sites and tree species.

2. VPD was adjusted to a minimum value at night. This adjustment was necessary
because eastern cottonwood sap flux was typically lowest from 9:00 p.m. at night to
6:00 a.m. the next morning.

3. Measured VPD was increased by a factor of 2.4 at 10:00 a.m. so that the adjusted
VPD peak was coincident with measured sap flux. The adjustment factor “2.4” was

177



Climate 2021, 9, 22

estimated from our experimental data, and this value can be changed for different
tree species or sites.

 

 

 

 

 

𝐹 = 1.1 ∗ 𝐸𝑋𝑃 −0.3 ∗ 𝑡 − 𝛽𝛼
β

α

Figure 3. Diurnal sap flux and VPD as measured on selected spring, summer, and fall dates for
eastern cottonwood in a biomass production plantation near Hollandale, Mississippi, USA.

4. A correction factor was imposed to adjust the annual cycle of VPD to match the annual
sap flux cycle. This correction factor (F) was calculated with Equation (2) below.

F = 1.1 ∗ EXP

(

(−0.3) ∗
(

t − β

α

)2
)

(2)

where t is the hour of year, β is a time constant that specifies the hour of year when
maximum sap flux occurs (5100 h in this example), and α is a constant characterizing the
shape of the annual sap flux cycle (1500 in this example). This constant was obtained from
measured annual eastern cottonwood sap flux.

5. VPD was adjusted to near zero for the dormant season. Our measurements confirmed
no sap flux during the late fall, winter, and early spring months when the deciduous
eastern cottonwood bores no leaves.

6. We assumed soil water availability did not limit sap flux based on our field observa-
tions during the study period.

7. Regression analysis was used to develop a function to predict measured sap flux from
adjusted VPD. Equation (3) below was developed for this study.

Qsap f low = 5E − 08 ∗ VPD3
adjusted − 0.0006 ∗ VPD2

adjusted

+2.5167 ∗ VPDadjusted−16.45
(3)
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where Q is the sap flux (g/m2/h) and VPDadjusted is the adjusted VPD (Pa). A detailed
discussion of Equation (3) is provided in the Results and Discussion Section.

8. Because eastern cottonwood sap flux is affected by age (which is correlated to DBH),
we accounted for the age effect with Equation (4):

Fage = 0.038e0.0431DBH (4)

where Fage is the age factor and DBH (cm) increases as time elapses. Equation (4) was
developed from data reported by Schaeffer et al. [35], who measured the sap flux and DHB
of eastern cottonwood growing in the San Pedro River system of southeastern Arizona.
Combining Equations (3) and (4) yields the following equation:

Q
adjusted
sap f low =

(

1 + Fage

)

∗ Qsap f low (5)

where Q
adjusted
sap f low is the age-adjusted sap flux (g/m2/h). Equation (5) is used to predict

age-adjusted eastern cottonwood sap flux in this study.

 

 

 

 𝑄 = 5𝐸 − 08 ∗ 𝑉𝑃𝐷 − 0.0006 ∗ 𝑉𝑃𝐷+ 2.5167 ∗ 𝑉𝑃𝐷 − 16.45
 

𝐹 = 0.038𝑒 .

   𝑄 = 1 + 𝐹 ∗ 𝑄𝑄

 

Figure 4. A flowchart showing the procedures used to develop a Structural Thinking and Experiential
Learning Laboratory with Animation (STELLA)-based model for predicting sap flux using the
adjusted VPD.
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Figure 5. Measured sap flux and adjusted VPD for selected dates in spring, summer, and fall for
eastern cottonwood in a biomass production plantation near Hollandale, MS, USA.

1.3. STELLA Model

The eight steps listed above were applied to the development of a STELLA model.
STELLA is a software package used to develop system dynamic models by creating
a pictorial diagram of a system and assigning appropriate values and functions to it
(http://www.iseesystems.com). System dynamic models created with STELLA have been
widely used [36–39]. Figure 6 provides the STELLA modeling map, which illustrates the
conditions and equations (in the dashed boxes) established for this study. The STELLA
model (with an hourly time step) we created is further described below. Referring to
Figure 6, data for Step 1 is stored as input data in the converter (or a circle) labeled “Mea-
sured VPD with shifting 3 hours ahead.” Steps 2, 3, and 5 are completed in the converter
labeled “Adjusted VPD” according to the conditions in the dashed box.
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Figure 6. A STELLA modeling map for estimating the sap flux of eastern cottonwood from ad-
justed VPD.

The routine first determines if time of year (in hours) is less than 2500 h or greater
than 7950 h (representing the winter period). If either condition is true, adjusted VPD is
set to zero. Then, if time of a day is <7 h or >21 h (representing the nocturnal period),
adjusted VPD is set to the minimum value for a site—the value for our study site is 33 Pa.
If the time of day is 10 am, the VPD, after having been shifted 3 hours, was adjusted
by multiplying it by 2.4 (as explained in Step 3). Step 4 and Equation (1) are processed
in the converter labeled “Annual correction factor.” It should be noted that we initiated
simulation at the beginning of winter (i.e., 12 December 2015) and terminated simulation at
the end of the following fall (i.e., 11 December 2016), but start and end times can be changed
as appropriate. It should also be noted that our field experiment started in September
2015 and the collection of sap flux data began in December 2015. After adjusted VPD was
calculated, predicted sap flux was estimated with Equation (5) in the converter labeled
“Predicted sap flow.”

2. Results and Discussion

2.1. Measured Sap Flux, Adjusted VPD, and Model Validation

The relationship between measured sap flux and adjusted VPD for the one-year study
period is illustrated in Figure 7. The values of R2 = 0.823 and p < 0.001 (Figure 7a) indicate
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that sap flux can be reliably predicted from adjusted VPD. This was further confirmed in
Figure 7b, which shows that the diurnal peaks of these two variables shared a relatively
similar annual cycle. Though the results above show that measured sap flux correlated
well with adjusted VPD, they do not confirm if sap flux predicted by the STELLA model
accurately matches measured sap flux. Therefore, model validation is necessary prior
to its application. It should be pointed out that sap flux measurements collected from
three of the six eastern cottonwood trees instrumented in this study were used to develop
Equation (3) and perform initial validation of the model, while sap flux data from the three
remaining trees were used as an independent dataset for additional validation of the model.
The initial validation of predicted sap flux against measured sap flux from the first three
trees is provided in Figure 8. The validation was measured using statistical parameters
such as R2, the Nash Sutcliffe coefficient (NSE), and normalized root mean square error
(nRMSE). The nRMSE is calculated as follows [40]:

nRMSE =
1

Oave





√

∑
n

i=1(Oi − Si)
2

n



 (6)

where Oi is the field observation, Si is the model prediction, Oave is the average number of
field observations, and n is the total number of field observations.

                                                  

Figure 7. The relationship between measured sap flux and adjusted VPD (a) and the time series plots of measured sap flux
and the adjusted VPD (b) for eastern cottonwood in a biomass production plantation near Hollandale, Mississippi, USA.
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Figure 8. A comparison of the measured and predicted sap flux (a) and their time series plots
(b) during the model validation process for eastern cottonwood in a biomass production plantation
near Hollandale, Mississippi, USA.

The NSE is given as [41]

NSE = 1 − ∑
n

i=1(Oi − Si)
2

∑
n

i=1
(

Oi − O
)2 (7)

The NSE ranges from -∞ to 1, with the values of 1 representing a perfect fit, >0.75 representing a
very good fit, between 0.36 and 0.75 representing a reasonable fit, and <0.36 representing an
unsatisfied fit to the model. With R2 = 0.815, NSE = 0.697, nRMSE = 1.202 (g/m2/h), and p
value < 0.001 (Figure 8a), we suggest that the model developed in this study performed
well in predicting eastern cottonwood sap flux. This conclusion was further supported by
data presented in Figure 8b, which illustrate diurnal peaks and seasonal trends of predicted
sap flux to coincide with those of measured sap flux. For additional validation of the model,
we compared predicted sap flux to the measured sap flux from trees in the independent
dataset. This second validation confirmed that the developed model predicted sap flux
reasonably similar to the measured sap flux based on the relatively high R2 (0.797) and
NSE (0.677) as well as the low nRMSE (2.002) and p value (<0.001) and its conformation to
measured sap flux peaks (Figure 9a).
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𝑄 = −1𝐸 − 06 ∗ 𝑉𝑃𝐷 + 1.119 ∗  𝑉𝑃𝐷 + 12789      

Figure 9. A comparison of the measured and predicted sap flux for eastern cottonwood in a biomass
production plantation near Hollandale, MS, USA (a) and an experimental plantation near Aiken, SC,
USA (b).

To develop users’ confidence, we further validated the model by comparing the
measured sap flux from a different study site to the predicted sap flux from our model.
The measured sap flux data were obtained from Samuelson et al. [42]. These authors
conducted an experiment to estimate the influence of irrigation and fertilization on transpi-
ration and hydraulic properties of the 3-year-old eastern cottonwood. Their study used
marsh clones at a 24.4 ha experimental plantation on the U.S. Department of Energy Savan-
nah River Site located near Aiken, SC. In this validation process, we used the measured
sap flux data from Block 2 of their experiment along with the VPD data calculated from
local weather variables (i.e., air temperature and relative humidity). A closer look at the
measured sap flux data revealed that the maximum sap flux from Samuelson et al. [42] was
5716.8 kg/m2/s in Aiken, SC but was 586.8 kg/m2/s in our experiment in Hollandale, MS.
The former was about 10 times greater than the latter. Since the sap flux, weather condi-
tions, and eastern cottonwood clones in Aiken, SC are different from those in Hollandale,
MS, we have modified Equation (3) for the Aiken study site as follows:

Qsap f low = −1E − 06 ∗ VPD2
adjusted + 1.119 ∗ VPDadjusted + 12789 (8)

It should be noted that other input values from Equations (2), (4), and (5) were not
changed during this validation process. A comparison of sap flux densities between model
prediction and experimental measurement is given in Figure 9b. The model predicted
most of sap flux densities very well, except for several unusually high measured sap flux
densities. With R2 = 0.586, NSE = 0.580, nRMSE = 0.897, and p < 0.01, we concluded that
the model predicted sap flux density reasonably well.
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2.2. Model application

The model was applied to predict eastern cottonwood sap flux at the same study site
for a simulation period beginning on 30 November 2016 and ending on 30 October 2017.
Input data were the same as for model validation except for measured DBH and VPD.
Average DBH was changed to 7.2 cm for this simulation period. This number was based
on the measured growth in the plantation. Data to calculate VPD for the simulation period
were downloaded from the on-site weather station.

The diurnal pattern of predicted sap flux by eastern cottonwood between 22 April
and 28 April 2017 is shown in Figure 10a. This projection conforms to the expectations for
the diurnal sap flux volume and the pattern of eastern cottonwood. Relatively low sap
flux on the first day (0 to 24 h) was a result of low VPD, normally observed on cloudy or
rainy days. When higher VPD prevailed, such as a VPD between 72 and 96 h, we observed
predicted sap flux in a pattern similar to previous measurements of sap flux. Maximum
sap flux during this time period was 3577 g/m2/h, or 16 g/h for the 7.2 cm DBH tree.
This rate was within the range reported by Schaeffer et al. (2000), who found that eastern
cottonwood sap flux in the spring averaged about 20 g/h. Results indicated that the model
provided for reasonable prediction of diurnal sap flux by eastern cottonwood grown in a
biomass plantation.

Figure 10. Predicted diurnal (a) and annual (b) sap flux of eastern cottonwood in a biomass produc-
tion plantation near Hollandale, Mississippi, USA.

An annual cycle of predicted eastern cottonwood sap flux is presented in Figure 10b.
The simulation estimated total annual sap flux at 6,369,309 g/m2/y. Converting this
value to be representative of a tree with a DBH of 7.2 cm yields an annual water use of
25,919.52 g/year.

We assumed soil water content did not limit eastern cottonwood sap flux in this study.
Soil water dynamics and hydrological processes would need to be included in the STELLA
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model if this factor were to be considered important. While we developed this model
by studying eastern cottonwood sap flux, it could be adapted to estimate the sap flux of
other tree species in short-rotation biomass production plantations. This would be done by
revising values outlined in the aforementioned eight steps (Section 1.2) to reflect the tree
species of interest and the site.

2.3. Impact of Climate Change on Sap Flux

To estimate the impact of climate change on sap flux, a simulation scenario was
developed by increasing the VPD by 10% from the original VPD. Up to date, no effort
has been devoted to estimating the impact of climate change on VPD and sap flux in our
study area. The 10% increase in VPD was considered as an extreme case based on the study
reported by Yuan et al. [43]. These authors studied the global VPD and reported that the
mean VPD in the growing season from 2011 to 2015 was 11.26% higher than that from 1982
to 1986.

Comparisons of the predicted daily and overall average hourly sap flux of eastern
cottonwood between the original VPD and the 10% increased VPD are shown in Figure 11.
In general, an increase in VPD resulted in an increase in sap flux (Figure 11a). The results
indicate that as the VPD increased due to the air temperature increase and the precipitation
decrease under the changing climate, the sap flux of eastern cottonwood increased. Overall,
the hourly average sap flux for the simulation period from 6 November 2016 to 1 December
2017 was 793 g/m2/h with the original VPD but was 838 g/m2/h with the 10% increased
VPD (Figure 11b). The latter was 5.67% greater than the former.

Figure 11. Comparisons of the predicted daily (a) and overall average hourly (b) sap flux of eastern
cottonwood between the original VPD and the 10% increased VPD.
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3. Conclusions

This study provides a model to estimate the sap flux of eastern cottonwood grown
in short-rotation biomass production plantations. Sap flux was predicted from adjusted
VPD, as modeled with STELLA software. The model was validated using two different
sap flux datasets collected with sensors between 1 December 2015 and 30 November 2016.
Very good agreement was found between predicted and measured sap flux. More specifi-
cally, predicted diurnal patterns and annual sap flux cycles matched those of measured
sap flux.

The model was then applied to predict eastern cottonwood sap flux for a year-long
simulation period (30 November 2016 to 30 October 2017). The model appeared to predict
reasonable diurnal patterns and annual cycles of eastern cottonwood sap flux. Overall,
a 10% increase in VPD increased the sap flux of eastern cottonwood by about 5%. The model
provides a new approach for estimating the sap flux of cottonwood in short-rotation
bioenergy plantations in a time-saving and cost-effective manner.

The major limitations of the model were that soil water availability is not a limiting
factor for sap flux and the very high sap flux peaks were not easily predicted. Therefore,
further study is warranted to include soil water dynamics, hydrological processes, and high
sap flux peak accommodations into the STELLA model. Additionally, the response of
VPD to sap flux is tree species dependent. Although the model was developed for east-
ern cottonwood, it can be adapted to estimate the sap flux of other tree species with
moderate effort.
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Abstract: Climate-driven hydrological models rarely incorporate intermittent rivers and ephemeral
streams (IRES) due to monitoring difficulties and their perceived minor effect on river networks.
Worldwide, IRES represent approximately 50% of river networks and up to 60% of annual flow
and are recognized as conduits and processors of organic matter (OM). Climate induced changes in
precipitation and discharge (Q) may impact OM fluxes from IRES. We assessed storm-driven source
and flux of total suspended solids (TSS) and OM from small IRES in Mississippi, USA. We used linear
Pearson correlations to evaluate relationships between water and storm characteristics (e.g., discharge).
Stepwise regression was used to predict change in flux. Dissolved OM was derived from saturated
flow through soil whereas particulate OM was derived from channel extension during storms.
A power log relationship between Q and materials flux indicated that Q was the driver for flux. A 5%
increase in Q within IRES may result in flux increase of 2% TSS and 1.7–2.8% OM. Climate change
projections of increased storm intensity over a shorter water year will increase channel extension
and soil water transfer resulting in higher material flux to downstream reaches. Climate-driven
hydrological models of OM flux should incorporate IRES.

Keywords: climate change; IRES; OM; DOC; POC; ephemeral stream; event sampling; headwaters

1. Introduction

Intermittent rivers and ephemeral streams (IRES) have long been perceived as peripheral in their
effect on river networks because they only flow in response to rainfall [1,2]. It has been estimated that
headwater IRES account for 60% of total mean annual flow (for streams and rivers in the northeastern US) [3]
and approximately 50% of the world’s total river networks [4]. Intermittent rivers and ephemeral streams
drain and connect with much of the Earth’s critical zone, so they have considerable potential to release,
transport, transform, or sequester organic matter (OM) (e.g., [5,6]); this, in turn, can be released into the
atmosphere in the form of CO2 [7,8]. Approximately 36% of the CO2 outgassed by river networks can
be attributed into headwater streams [8]. Climate change can affect the timing, duration, frequency,
and severity of storm events—all of which have the potential to control sediment and OM exports
from IRES [9].
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Organic matter is a transport vehicle for nutrients, carbon, and pollutants, all of which regulate or
impact biological processes [10,11]. Production, transport, degradation, preservation, and sorption of
OM are influenced by complex biological, chemical, and hydrological interactions [11–13]. Increases
in temperature, precipitation, discharge, and groundwater connectivity associated with climate
change may accelerate chemical and physical processes governing OM dynamics [14–19]. Therefore,
understanding the source–transport–transform–sink behavior of OM in ephemeral streams (ES) is
critical to predicting how OM will affect downstream processes and water quality.

Ephemeral streams function as collection sites for organic inputs and typically flow in response to
storm events as infiltration excess [20] or saturated excess [21] overland flow with little or no connectivity
to the water table (e.g., Table 1 in Reference [22]). Episodic connectivity during precipitation and
flow pulses permits transport of OM, including dissolved and particulate C, to downstream perennial
reaches. Storms are important drivers for material flux in headwaters; approximately 90% of dissolved
and particulate material in headwater streams is exported during storm events [23]. This flux occurs
disproportionately during high flow and is often a power function of the discharge rate [24–26].
Ephemeral streams have been poorly studied in comparison to their intermittent and perennial
counterparts with regard to nutrient and energy fluxes due to the fact of their measurement difficulties
and rapid discharge (i.e., “flashy behavior”).

Recent research suggests that in-channel processing of OC within small inland watersheds is a
regionally important source of atmospheric CO2 [7,8,27]. Frequent wetting and drying cycles that occur
in ephemeral streams provide “hot moments” [28] for dissolved organic matter (DOM) production,
transformation, and transport. A number of studies have shown that oscillation between wet and
dry stream conditions facilitates dissolved organic carbon (DOC) processing (e.g., [29–31]) and CO2

evasion [32]; therefore, even very small ephemeral streams may be key components of C cycling in
riverine systems [33].

Current climate change scenarios predict an increase in the frequency of droughts and high
magnitude storm events in the southeastern United States even if mean annual precipitation (MAP)
does not change [34]. Predicted changes in frequency [35] and severity of precipitation [36] may
increase effective sediment and OC transport processes [37–39]. Equally, the dry component of the
wet–dry cycle of ephemeral streams will increase both spatially and temporally as temperatures rise [32]
thereby increasing DOM production [40]. Much of the research on streams that exhibit wet–dry cycles
has focused on arid and semi-arid regions [41] and neglected ephemeral streams in humid climates.
Therefore, understanding the behavior of C in temporary streams of humid ephemeral source areas is
important for understanding the contributions of those source areas to C dynamics in general and
under accelerated transport efficiency as predicted by some climate change scenarios. Our research
was guided by two questions: (1) what are the sources of sediment and OM in IRES and (2) what are
the controls on the flux of sediment and OM from very small (<4 ha) IRES to downstream reaches?
We used chemical characteristics to determine the source and behavior of OM during storm events
within small ephemeral catchments and tracked the behavior of potential exports during storm events.
We discuss the implications of our study in the context of climate change.

2. Materials and Methods

2.1. Study Design

We studied a 32 ha watershed (33◦30′49.00′′N, 89◦25′40.00′′W) within the Upper Gulf Coastal Plain
in Webster County, Mississippi. The site has a humid subtropical climate with a mean temperature
ranging from 7 ◦C in winter to 26 ◦C in summer (US National Weather Service Station #222896,
Eupora, MS, USA). The 30 year mean annual precipitation is 1451 mm, much of which falls during winter
and spring. Annual discharge is 240 × 103 m3 year−1 [42]. Soils are well- to moderately well-drained
Sweatman series: US Department of Agriculture (USDA) taxonomy = fine, mixed, semiactive, thermic
Typic Hapludult; World Reference Base (WRB) taxonomy = Profondic Alisol. Soils are high in clay
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with A-horizons of either loam or silt loam; pH ranges from 4.5 to 5.5. Slopes are steep, soils are
erodible, and dominant land use is woodland [43]. Forest vegetation is characteristic of the southeastern
Mixed Forest Province and consists of even-aged loblolly pine (Pinus taeda Linnaeus) with a smaller
component of mixed hardwoods; a detailed description is provided in Reference [44]. The site has
been in pine timber production for 30 years.

Four small ephemeral catchments, nested within a perennial stream watershed (Figure 1),
were monitored for dissolved and particulate contributions to downstream water. We used the following
field criteria [22] to classify streams: (1) weakly defined channels; (2) interrupted flow, most of which
was in response to storms; (3) a water table below the channel surface for most of the year; (4) lacking
in aquatic insects; (5) lacking in obvious material transport; (6) scoured beds; and (7) intermittent
organic buildup. Ephemeral streams were mapped as depressions by the US Geological survey (1983).
We classified the streams as ephemeral based on the aforementioned criteria, recognizing that the
boundary between ephemeral and intermittent classification is approximate. Our major focus in this
study was on the ephemeral streams (ES) of the IRES.

 

 

Figure 1. Schematic project layout depicting monitored ephemeral catchments in the study watershed.
Numbers 1–4 correspond to the named ephemeral 1–4 watersheds described in this study. Topographic
base excerpt are from the Little Sand Creek, Mississippi quadrangle [45].

For monitoring purposes, we defined the upstream limits of the ES segments by the upslope limit
of channel development; downstream limits were defined by evidence of a clearly defined channel,
over bank deposits, and seasonal streamflow [44]. All monitored ES lacked evidence of a persistent
intermittent segment: the ES conducted surface water directly to the perennial stream and flowed
in response to storm events. However, storm events in this region occurred frequently enough that
steady-state flow (hereafter referred to as base flow) was periodically observed at the downslope limits
of the channels. The ES watershed size ranged from 1.8 to 3.8 ha; the remainder (20.6 ha) comprised a
mix of uncut and recently cut forest (Table 1) which had recovered for two years prior to monitoring for
this study. Soil disturbance and forest cover were not a focus of this paper but are described as a frame
of reference for interpreting OM dynamics in the watersheds. Ephemeral channels differed in their
forest cover (Table 1 and described in References [44,46]) and were chosen to represent a continuum of
soil disturbance and forest cover that may influence OM dynamics.
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Table 1. Watershed characteristics and sampling record.

Watershed
Watershed
Size (ha)

Stream
Length (m)

Harvest
Treatment

Length of
Q Record
(months)

Total Q
(×103 m3

year−1)

Storm
Flow

Samples

Base
Flow

Samples

Ephemeral 1 2.4 78 * Reference 14.9 27.13 67 14
Ephemeral 2 3.6 83 † BMP2 14.8 5.49 82 21
Ephemeral 3 3.8 92 ‡ BMP1 14.0 27.79 14 6
Ephemeral 4 1.8 81 § CC 15.3 4.99 40 10

Ungaged Ephemeral 20.6 - - - - - -
Ephemeral Average 173.51

Perennial 32.2 - - 239.91 30 30

Total Q was calculated from all Q measurements across the entire length of the record. * Reference site at which no
harvesting has occurred since 1978. † Riparian buffer in which logging debris was not permitted in the ephemeral
drainage channel. ‡ Riparian buffer in which logging debris was permitted in the ephemeral drainage channel.
§ Clearcut with all merchantable timber removed and no riparian buffer.

2.2. Field Sampling

Ephemeral streams (Figure 2) were equipped with stations to monitor stream flow and collect
event samples over 17 months (17 February 2010 to 13 July 2011). A 1.8 m long, 254 mm diameter PVC
pipe was installed at the outlet of each ephemeral watershed to constrain flow within a measurable
cross-sectional area. Water depth, velocity, and discharge within pipes were measured by area velocity
sensors controlled by flow loggers (ISCO Inc., Lincoln, NE, USA) programmed to record at 15 min
intervals. Discrete water samplers (ISCO Inc., Lincoln, NE, USA) were linked to flow loggers and
programmed to start collecting samples on the rising limb of each event. Event sampling was triggered
by a 20 mm increase in flow depth in the pipe over a 15 min interval. Discrete samplers were
programmed to cease sampling as velocity and/or depth reverted to pre-event levels. Flow was variable
among streams and events, so the number and timing of sampled storm events differed among streams.
Steady-state base-flow samples were hand-collected from pipe outflow when possible.

 

−

 

Figure 2. Left: Gauged reference stream with a 254 mm diameter pipe, ISCO sampler, and flowmeter.
Right: Ephemeral stream flowing during storm event.

The perennial stream monitoring station was located 200–300 m downstream from ephemeral
monitoring stations. Perennial stream stage was measured with a pressure transducer (In-Situ Level
TROLL 300) inside a stilling well (91.8 cm tall, 152 mm diameter). Velocity was measured using
a portable flowmeter (Hach Company, Loveland, CO, USA). Discharge was determined using a
stage-discharge rating curve, developed from 15 measurements of stream profile, stage, and velocity
measurements across a range of flows. The perennial stream was equipped with an area velocity
sensor and a discrete sampler which was programmed to initiate sampling in the event of increased
depth and/or flow. Base-flow samples were hand-collected during field visits when discharge was at
steady state.
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Groundwater, precipitation, canopy throughfall, and soil pore-water samples were used to
characterize potential source contributions to streamflow. Groundwater was sampled in ephemeral
watersheds via a grid of wells arranged in five transects perpendicular to the stream channel;
each transect contained five wells spaced at 5 m intervals. Wells were made of 5 cm inner diameter
PVC pipe and screened the entire subsurface interval. Wells penetrated to a depth of 2.5 m or until
refusal. Well water was sampled monthly using a bailer with a check ball after purging wells. Depth of
sampling for the groundwater source varied depending upon well and time period [44,46]. Regional
precipitation data (15 min interval) for the period 10 February 2010 to 30 May 2010 were acquired from
the Eupora 2E, MS, US (33.56◦ N, 89.24◦ W) National Oceanographic and Atmospheric Administration
(NOAA) weather station [47]. Onsite precipitation data were collected for the period 30 May 2010
through 13 July 2011 using a tipping bucket rain gauge (ISCO Inc., Lincoln, NE, USA) installed in an
open area of the watershed. Precipitation and canopy throughfall were sampled using acid-washed
plastic 18.9 L buckets with nylon window screens over the top to prevent contamination by fallen
debris. Zero-tension lysimeters collected soil pore water four times during the spring of 2011 at three
depths within the soil profile (O, A−10 cm, and A−20 cm). O, A, B, and C soil horizons were sampled
from soil pits at representative locations (Figure 1).

2.3. Sample Analysis

We examined the source and flux of water and OM. The flux of OM from IRES is partially
controlled by the concentration of the material in the water, which is strongly controlled by source.
To understand how climate change will affect the flux of the materials, we must understand the source
and mobilization processes of OM.

Water samples were fractionated in the lab into dissolved and particulate components. Samples
were filtered to collect particulate matter (PM) through 0.7 µm glass fiber filters (GFFs) that were
pre-combusted for 4 h at 350 ◦C to remove organics. The PM-laden filters were oven-dried overnight
at 60 ◦C and weighed for total suspended solid (TSS) concentration. Filtrate was collected and frozen
for analysis of dissolved constituents. Soils and suspended sediment were analyzed for total C and
N. Soils were dried overnight at 70 ◦C, ground to pass a 60 mesh sieve, and dried again prior to
analysis. Dried, sediment-laden GFFs were subsampled using a single-hole-punch tool. Samples were
analyzed for total organic carbon (OC) and N by flash combustion elemental analyzer (Costech ECS
4010, Valencia, CA, USA). Molar ratios are used where N:C data are presented. Particulate organic
carbon (POC) concentration (mg L−1) was calculated as: POC (mg L−1) = g of carbon (from NC
analysis)/(area of filter subsampled (cm2)/area of whole filter (cm2)). The OC concentration of sediment
was calculated as: %OC = POC (mg L−1) / TSS (mg L−1) * 100.

Filtrate was analyzed for chloride (Cl−), nitrite (NO2
−), nitrate (NO3

−), and ammonium (NH4
+)

by ion chromatography (Dionex DX−500, Sunnyvale, CA, USA). We measured ultraviolet absorbance
at 254 nm (UVA254) using a BioMate3 spectrophotometer with a 1 cm cell in order to have a low-cost
measurement to correlate with DOC and be able to convert dissolved organic carbon to specific
UV absorbance (SUVA254) which provides insight into the nature of the organic matter present
(e.g., high SUVA254 indicates dominance of humic matter and, thus, a soil origin for DOC). Total nitrogen
(as TKN) was converted to ammonium cation by sulfuric acid digestion with mercuric oxide catalysis in
a microwave digester (MARS X Press, CEM, Matthews, NC, USA). Samples were digested for one hour
with a 15 min ramp time and 45 min hold time at 200 ◦C and analyzed for TKN by salicylate method
on a Technicon Autoanalyzer III wet chemistry analyzer (Bran + Luebbe, Norderstedt, Germany).
Dissolved inorganic nitrogen (DIN) was determined as sum of nitrite-N (NO2-N), nitrate-N (NO3-N),
and ammonium-N (NH4-N). Dissolved organic nitrogen (DON) was calculated as total N minus DIN.
We used DON:DOC and PON:POC (rather than the more commonly used DOC:DON and POC:PON)
herein because it is statistically more robust due to the higher number (%OC) in the denominator.

Filtered, frozen water, suspended sediment, and soils were sent to the UC Davis Stable Isotope
Facility and analyzed within 2 months of sample collection. Dried soils needed no preservation;
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water samples were preserved by filtering with a 0.2 micron filter and frozen according to UC Davis
standard operating procedures. Water was analyzed for DOC and DOC δ13C PDB using an OI
Analytical model 1030 TOC Analyzer (OI analytical, College Station, TX) interfaced to a PDZ Europa
20–20 Isotope Ratio Mass Spectrometer (Sercon Ltd., Cheshire, UK) with a GD−100 gas trap interface
(Graden Instruments). Stable isotopic composition of particulate organic carbon (POC; δ13C) and
particulate organic nitrogen (PON; δ15N) were determined by flash-combustion elemental analysis
coupled with isotope-ratio mass spectrometry (EA-IRMS; Elementar Analysensysteme GmbH, Hanau,
Germany) interfaced to a PDZ Europa 20–20 isotope ratio mass spectrometer (Sercon Ltd., Cheshire,
UK). Isotopic data for C and N were reported in standard delta notation (‰ per mil) relative to Pee
Dee Belemnite (PDB) and air standards, respectively. Standard reference materials covering a range of
13C and 15N signatures were used to evaluate precision and accuracy of mass spectrometer response;
analytical precision for δ13C of DOC was 0.4‰; precision for δ13C and δ15N was tighter than 0.3‰.

2.4. Data Analysis

Average concentrations of measured stream water constituents were calculated for each gauged
watershed for the length of the study. To determine the effect of storm-specific attributes on composition
of dissolved and particulate material, individual flow events were delineated by the change in discharge.
The beginning of an event within ES was defined as (1) any discharge >0.002 m3 s−1 or (2) rate of change
in discharge >0.0002 m3 s−1 15 min−1 or (3) start of flow. The beginning of an event within perennial
streams was defined as any discharge >0.002 m3 s−1. Where there was a one-hour decline in discharge,
followed by an increase in discharge, the event clock was reset, and a new event began. Linear Pearson
correlations of log-transformed data were used to evaluate relationships between independent event
variables and dependent surface water concentrations and characteristics. We chose event variables
that were likely to affect the flux of sediment and OM within our watersheds. Independent event
variables tested included: rate change in Q over time; water year date (number of days after 1 October
(which was the beginning of the water year); time since flow began in hours; time since event initiation;
and time before or after peak flow. Event variables are defined as: Precipitation = the amount of
precipitation that fell in the previous 15 min; Q = instantaneous discharge at the time the sample
was collected; PeakTime = time before or after peak flow; FlowTime = time since flow began in
hours; RateChange = change in Q over time where positive values are on the rising limb and negative
values are on the receding limb; EventTime = time since event initiation; WY Day = number of days
after 1 October (beginning of water year). Stepwise multiple linear regression was used to explore
relationships among event variables and surface water characteristics; data were log-transformed
to meet assumptions of normality. The lm function in base R [48] was used to model constituent
fluxes from independent event variables; step Akaike Information Criteria (stepAIC function) from the
MASS package [49] was used to optimize the size of the model. Herein, we report the standardized
coefficients with adjusted R2 and whole-model p-values for purposes of examining the relationships
among variables as well as the coefficients and equation used to develop predictive calculations.
All estimates of mass fluxes were calculated using instantaneous flow-weighted averages across all
storms and streams of within-event measurements.

3. Results and Discussion

3.1. Physical and Chemical Attributes

Over the 17 month study period, 16 events generated discharge in one or more streams (Table 2).
Precipitation was monitored for 12 months (May 2010 through May 2011; Figure 2) and ranged from
21–110 mm per event with a mean of 55 mm. The maximum precipitation rate occurred at the onset of
an event and ranged from 10–72 mm h−1 with a mean of 36 mm h−1. Precipitation between January
and May accounted for 53% of the annual total and 94% of the discharge events over 15 months.
Event duration ranged from 1.0 h to 22.3 h with a mean of 8.0 h. Precipitation events triggered 233 flow
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event samples ranging from a total of 14 to 82 samples per watershed per event (Table 1). Mean event
discharge across all recorded events for ephemeral and perennial streams was 749 m3 event−1 and
7324 m3 event−1, respectively.

Table 2. (A) Average instantaneous flow-weighted within-event values of selected dissolved and
particulate stream water constituents across all sampling times. (B) Average values from potential sources.

(A) Ephemeral 1 Ephemeral 2 Ephemeral 3 Ephemeral 4
Ephemeral

Average
Perennial

Pr >
Chi-Square

TSS (mg L−1) 342.6 ± 74.4 1713.0 ± 708.1 54.1 ± 14.8 154.7 ± 31.3 566.1 ± 386.9 101.1 ± 46.3 <0.0001
POC (mg L−1) 21.3 ± 11.0 8.06 ± 1.31 2.27 ± 0.43 5.54 ± 1.79 9.30 ± 4.18 3.46 ± 0.96 0.0004
DOC (mg L−1) 11.6 ± 1.9 13.54 ± 0.97 15.15 ± 0.97 17.73 ± 1.42 14.51 ± 1.29 5.83 ± 1.07 <0.0001
Cl (mg L−1) 1.89 ± 0.10 1.65 ± 0.07 1.69 ± 0.22 1.26 ± 0.11 1.62 ± 0.13 2.91 ± 0.14 <0.0001
UVA254 (cm−1) 0.55 ± 0.03 0.47 ± 0.02 0.44 ± 0.05 0.76 ± 0.03 0.56 ± 0.07 0.19 ± 0.02 <0.0001
SUVA254
(L mg−1 M−1)

4.1 ± 0.4 3.56 ± 0.13 3.51 ± 0.18 4.05 ± 0.17 3.79 ± 0.15 4.04 ± 0.49 0.992

DON:DOC 0.17 ± 0.06 0.11 ± 0.03 0.10 ± 0.02 0.04 ± 0.01 0.11 ± 0.03 0.30 ± 0.08 0.0003
DOC-δ13C −27.20 ± 2.15 −28.50 ± 0.09 −28.90 ± 0.12 −28.80 ± 0.16 −28.30 ± 0.39 −28.60 ± 0.16 0.4865
%OC 4.6 ± 0.5 2.9 ± 0.2 3.8 ± 0.4 4.9 ± 0.7 4.0 ± 0.5 5.3 ± 0.5 0.0012
POC:DOC 1.69 ± 1.24 0.88 ± 0.45 0.15 ± 0.02 0.26 ± 0.09 0.75 ± 0.35 0.67 ± 0.23 0.0470
PON:POC 0.08 ± 0.00 0.08 ± 0.00 0.10 ±0.01 0.09 ± 0.00 0.09 ± 0.01 0.08 ± 0.00 0.6116
POC-δ13C −25.10 ± 2.63 −27.47 ± 0.29 −27.58 ± 0.32 −27.31 ± 0.31 −26.86 ± 0.59 −27.66 ± 0.21 0.3550
PON-δ15N 0.91 ± 0.46 0.70 ± 0.25 2.05 ± 0.4 1.83 ± 0.69 1.37 ± 0.33 1.00 ± 0.63 0.7762

(B) Precipitation Throughfall O-horizon Mineral Soil
Ground
Water

DOC (mg L−1) 3.48 ± 1.56 21.82 ± 6.34 26.73 ± 3.43 11.6 ± 1.96 2.8 ± 0.32
Cl (mg L−1) 0.82 ± 0.07 2.05 ± 0.28 1.91 ± 0.57 2.23 ± 0.4 3.52 ± 0.21
UVA254 (cm−1) 0.04 ± 0.02 0.44 ± 0.07 1.3 ± 0.04 0.5 ± 0.4 0.13 ± 0.02
SUVA254
(L mg−1 M−1)

1.39 ± 0.34 2.94 ± 0.30 5.09 ± 0.64 4.78 ± 0.51 8.21 ± 2.25

DON:DOC 0.36 ± 0.05 0.07 ± 0.01 0.16 ± 0.03 0.04 ± 0.00 0.28 ± 0.03
DOC-δ13C −26.60 ± 0.35 −29.40 ± 0.30 −30.3 ± 0.03 −28.7 ± 0.53 −28.2 ± 0.18

Values are the mean ± standard error. Stream water values are the means of the base flow and event flow.
The O-horizon and mineral soil values are from lysimeter solutions. %OC is the % of OC in sediment by mass.
The p-values are from Mann–Whitney U tests between perennial and ephemeral streams.

Particulate constituent concentrations among ES were highly variable (Table 2-A). The TSS
concentration ranged from 54.1 mg L−1 to 1713.0 mg L−1, and POC concentrations ranged from
2.27 mg L−1 to 21.33 mg L−1. Average ES TSS (566.1 mg L−1; instantaneous flow-weighted average
across all streams and storms of within-event measurements; from Table 2) was higher than that of
the perennial stream (101.1 mg L−1) by a factor of 5.6; thus, it appears that the perennial stream was a
sink for suspended solids. Average ES POC concentration (9.30 mg L−1) was higher than that of the
perennial stream (3.46 mg L−1) by a factor of 2.7.

Dissolved constituent values DOC, Cl, UVA254, and specific UV absorbance at 254 nm (SUVA254)
were consistent among ES (Table 2-A). The UVA254 of ES was consistently higher than that of the
perennial stream, probably due to the average DOC being (14.51 mg L−1) 2.5 times higher than that of
the perennial stream (5.83 mg L−1). The SUVA254, on the other hand, was similar among perennial and
ES. The ES Cl concentration was consistently lower than that of the perennial stream indicating that
the perennial stream acquired Cl from another source(s).

We quantified concentrations of five potential source contributors to surface waters: precipitation,
canopy throughfall, O-horizon soil leachate, mineral soil leachate, and groundwater (Table 2). The DOC
concentration increased from precipitation through the canopy as throughfall and O-horizon leachate
then declined through the soil profile reaching a minimum in the groundwater samples suggesting
that it was removed or diluted with depth. The Cl concentrations generally increased from the canopy
through the soil and into the groundwater. The Cl concentration of ephemeral event water was similar
to that of canopy throughfall and O-horizon soil, whereas the Cl concentration in perennial event water
was most similar to that of mineral soil leachate and groundwater. There was a strong linear correlation
(Pearson’s R = 0.923, p < 0.001) between UVA254 absorbance and DOC concentration, explaining the
similar pattern between UVA254 and DOC. The UVA254 in precipitation was low but increased as
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water passed through the forest canopy. Highest UVA254 levels were observed in O-horizon leachates;
UVA254 decreased with depth as water passed through the soil profile. Mean UVA254 in ES water
(0.56) was nearly three times that of perennial stream water (0.19) suggesting that C was lost or diluted
during transport. The ratio of DON:DOC was highest in precipitation and groundwater and reached
minimums in throughfall and mineral soil leachate while being relatively high in the O-horizon.
Organic horizon water had the most depleted DOC-δ13C, and there was a steady enrichment with
soil depth (O, A, to groundwater). The DON:DOC had a relatively small standard error among
potential sources and, hence, is probably a good tracer of DOM in stream water. On the other hand,
the stable isotopic composition of DOC varied <2‰ among stream water and <4‰ among potential
sources; therefore, DOC is indistinguishable from potential sources using stable isotopic signature
alone (Table 2). Ephemeral stream DON:DOC and %OC was consistently lower than that of the
perennial stream and most closely resembled that of O-horizon leachate, except within the disturbed
clear-cut site in which DON:DOC resembled that of mineral soil. Perennial stream DON:DOC was
similar to that of groundwater and precipitation. The POC:DOC was similar for ES and perennial
stream waters; however, %OC of the perennial stream was significantly higher (p = 0.002) than that
of ES. Mean ES PON-δ15N was 1.4 (ranged 0.9 to 2.0) as compared to 1.0 in perennial stream water
(Table 2). The PON:POC was similar among streams.

We calculated the area-weighted average instantaneous flux for all storms over the water year.
Instantaneous flux is the flow-weighted flux at a given time within an event; thus, instantaneous flux
could represent a point on the rising limb, peak flow, or the receding limb of an event. Values represent
the means for all events in which we were able to collect water samples and quantify Q with rating
curves (Table 3). Average Q was higher in the perennial stream than in the ES (Table 1); however,
area-weighted discharge (Unit Q) in the ES was more than twice that of the downstream perennial stream
(Table 3), even though the overall area was the same for the ES and perennial streams. Event sampling
in ES was triggered by a 20 mm increase in flow over 15 min; thus, the Unit Q measurements only
represent periods of high flow (storms) in the ES. There was higher Unit Q from the ES than at the
downstream perennial stream gauge suggesting that some of the water discharged to the perennial
stream was lost to groundwater before exiting the perennial stream gauge.

Table 3. Area-weighted average instantaneous flux of selected surface water constituents.

Unit Q TSS POC PN DOC DON

(×103 m3 s−1

ha−1)
(g s−1 ha−1)

A
Ephemeral 12.6 (26) 3432.1 (7285) 99.6 (307) 7.6 (18) 207.6 (589) 13.5 (41)
Perennial 5.7 (9) 530.1 (1412) 21.8 (36) 2.1 (4) 96.3 (167) 4.5 (9)

B
Ephemeral −5.7 (1.7) −0.6 (2.1) −4.1 (1.9) −6.4 (1.8) −3.5 (2.0) −6.3 (2.1)
Perennial −7.6 (3.3) −3.8 (3.6) −6.3 (3.5) −8.7 (3.4) −5.0 (3.6) −7.7 (3.1)

Means of unit Q and constituents were computed from within-event samples collected over an entire water year.
Values in parentheses are one standard deviation of the mean. Some data were not normally distributed, so we
present un-transformed data (A) and log-transformed data (B).

The ES exports were 2.0–6.5 times that of the perennial stream, depending upon the parameter
(Table 3). Unit Q was higher for the ephemeral streams as a result of this value being calculated from
the sample set from which the constituents were determined. The ephemeral catchments are very
small—from 1.8–3.8 ha; yet during storms, their exports were significant which has implications for
changes in storm events due to the climate forcing. Surface water, groundwater, and soil storage water
are linked, so we used geochemical signatures from the stream exports and potential source areas in
order to understand how the pools and fluxes might interact with changes in climate.
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3.2. Source of OM in Surface Waters during Storms: Active and Contributing Areas

In order to get a better understanding of whether ephemeral and perennial stream waters were
derived from similar source areas and were therefore connected during storm events, we compared
the Cl and UVA254 of ephemeral and perennial stream event water to that of groundwater and soil
leachate. Cl was used as a conservative tracer of potential contributors to stream water and UVA254

was used as a first-order evaluation of DOC inputs. We used UVA254 rather than DOC because of the
strong linear correlation between the two in our data and because the larger UVA254 dataset gave us
better control on variability. The UVA254 and Cl had a significant negative correlation (R = –0.595,
p < 0.001) such that during an event, UVA254 was elevated and Cl concentration was depleted with
respect to base flow conditions. The relationship between Cl and UVA254 amongst pools suggests that
ES Cl and DOC are controlled by water routing through the soil profile, whereas the perennial stream
is influenced by groundwater inputs.

We did not attempt to quantify the relative contributions of groundwater versus Horton- and
Dunne-type overland flow; however, we used OM characteristics of ES and potential source areas to
clarify from which pools ES water may have been derived (Figures 3 and 4). We did not attempt to
trace N through the system; however, N and C cycling are coupled therefore we incorporated both
components in source-attribution, and the ensuing discussion is framed in terms of OM. Ephemeral
storm water DOC-δ13C was intermediate between that of groundwater and soil solution dissolved
OM with a DON:DOC composition close to that of soil solution and the minimum DON:DOC value
(max N:C value) for groundwater (Figure 3).

 

 

δFigure 3. Relationship of N:C and δ13C of DOM from groundwater, soil lysimeter, and ephemeral
stream event water. Lysimeter samples were collected from below the litter layer, 10 cm into mineral
soil, and 20 cm into mineral soil (undifferentiated in this plot).

A comparison between DOM and suspended sediment particulate organic matter (POM) of
ES collected during storm events (Figure 4) illustrates the difference in source attributes for DOM
and POM. Ephemeral stream DOM and suspended sediment POM clustered tightly in separate-δ13C
versus N:C mixing spaces: storm water plotted in a space that was close to intermediate soil dissolved
OM values, whereas suspended sediment particulate DOM plotted closest to values of A- and B-
horizon mineral soils (Figure 4a). Soil leachate values plotted close to that of O-horizon POM (and to a
lesser extend A-horizon POM) suggesting that O-horizon soils were an accessible source for labile
DOM during storm events. Workers have reported that as much as 66% of DOC in stormflow from
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headwater streams originated as saturated flow through the uppermost soil horizons within the
riparian zone [50]. Estimated contributions from the upper portions of the soil profile (for lowland
riparian soils) represent 64–86% of DOC flux in some watersheds (e.g., [51]). High DOC values were
attributed to a larger proportion of wetland soils (i.e., larger potential DOC pool) and larger watershed
area [51]. Storm-derived ES POM was more closely related to A-horizon and to a lesser extent B-horizon
soils (Figure 4a–c), which suggests that these soils are mobilized or reworked enough to release POM
during storm events.

 

 

δ
δ

Figure 4. N:C versus (a) δ13C of stream DOM, soil solution DOM, POM from soils (O, A, B, C horizons),
suspended sediment (SSPOM); (b) δ15N; and (c) %OC by mass. Stream DOM and suspended sediment
POM values are for ES event samples only. In Figure 5a, purple circles with lower N:C represent DOM
from A-horizon lysimeters; purple circles with higher N:C represent DOM from O-horizon lysimeters.
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3.3. Storm-Driven C Dynamics

Samples collected during storm events provided evidence that the ES interacted with the soil
profile during rainfall events. The next question we wanted to answer was whether the source or
proportion of sources changed within a storm event. We selected storm events for which there was
sufficient data to construct plots illustrating the behavior of TSS and OM over the course of an event
(Figure 5). The TSS concentrations in ES were highest at the start of an event before peak Q and declined
as the event progressed (Figure 5a). Peak perennial stream TSS concentration lagged behind ES peak
TSS and coincided with an initial increase in Q. The N:C of particulate material remained constant as
ES TSS decreased throughout an event (Table 2 and Figure 5b), thus there is a separation of C-poor
material and C-rich material as the event progresses. There is a weak trend of enrichment in δ13C with
event time (Figure 5c) which suggests a within-event shift in C to progressively deeper sources.

 

 

δ

δ

Figure 5. Representative behavior of suspended sediment and POC during selected storm events.
Blue bars are precipitation amounts. Solid lines indicate within-storm Q. Circles indicate measured
values of discrete samples. PER = perennial stream. EPH = ephemeral stream. (a) Suspended Sediment
(b) N:C of POM in suspended sediment (c) Change in δ13C of POM in suspended sediment. Sampling
start and stop times were controlled by preset criteria (see methods) and thus do not span the time
range from start of precipitation to return to base flow. The single anomalously low δ13C value may be
due to entrainment of a piece of fresh leaf litter.

We attempted to track the responses of UVA254 (as a proxy for DOC) and Cl to storms in the
perennial and ephemeral watersheds by constructing hysteresis plots from each of the 5 potential
sources. In general, we found that the ES (31 December 2010, 30 April 2010, and 4 April 2011 storm
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panels in Figure 6) had higher UVA254 and lower Cl than the perennial stream (23 April 2010 storm
panel). However, there were different trends among watersheds and storms.

 

 

Figure 6. Selected (typical) responses of UVA254 versus Cl concentration for several storms. The date of
each event is listed above each pair of plots. Major ticks on the date/time axis of storm discharge plots
are spaced every 3 h. The top plot of each pair includes a box inset with hydrographs (line representing
Q with scale on left) and precipitation where available (bars with scale on right). Hydrographs
are color-coded as to the catchment: brown = ephemeral 2; red = ephemeral 4; black = perennial.
Precipitation data for April 23 and April 30 do not exist. Below the hydrograph insets, samples for a
given event are plotted on a UVA versus Cl plot. Plots of UVA254 versus Cl are in alphabetical order
by time stamp of sample collection. Letters represent the time point when a sample was collected
(in alphabetical order by time stamp of sample collection); corresponding letters on the hydrograph
and the UVA–Cl plot are the same sample. Within the plot sample schema: solid blue triangles are
precipitation (precip), unfilled blue circles are throughfall (TF), unfilled purples circles are O-horizon
leachate (O), solid purple triangles are A horizon leachate (A), and solid red triangles are groundwater
samples (GW) (see legend in the center of the figure). Sources are average ± 95% confidence intervals
of samples collected throughout the entire study.
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An early season storm (31 December 2010) showed what appears to be flushing of a high Cl and
UVA254 source that could be recently fallen litter. Cl concentration becomes diluted as the source of
stream water shifted towards throughfall and then a mixture of O-horizon leachate and precipitation.
The source then shifted towards throughfall and A-horizon leachate and eventually towards the
groundwater source.

This pattern essentially repeats itself in a later season storm (30 April 2010) in the same watershed
(ES2) without the flushing of recently fallen litter. For a late spring storm (4 April 2011) in ES4 (clearcut),
there appears to be less influence from throughfall on the earliest storm samples, but the source of
water eventually shifts through the soil and towards groundwater. The source of water from the
perennial stream (23 April 2010) appears to be from deeper within the soil profile at the onset of a
typical storm event relative to the ES. Eventually the source of water appears to be entirely derived
from a groundwater source late in the event.

Differences in hysteresis at different times of the year suggest that there may be critical thresholds
in some storm parameters that control both the source from which the sediment and OM are derived
and the flux of sediment and OM within the system. Due to our sampling protocol, it is possible
that the timing of our sampling in relation to the storm hydrograph varied with season; however,
our sampling procedure was designed to eliminate as much bias as possible. We compared surface water
characteristics to seven event variables related to storms: discharge, peak time, flow time, rate of change,
event time, water year day, and precipitation (Table 4) to glean which event variables exerted the greatest
control over surface water concentrations and fluxes in ES and perennial streams. Where distributions
were not normal, we log-transformed the data. Data presented are those that were significant predictors
of constituent flux. The larger the value, the greater the control. The sign determines whether the event
variable was negatively or positively associated with the dependent variable.

Table 4. Significance of relationships among event variables and selected surface water characteristics
of ephemeral streams (ES) and the perennial stream (PER).

Precipitation Q Peak Time Flow Time Rate Change Event Time WY Day R2

SC SE SC SE SC SE SC SE SC SE SC SE SC SE

TSS ES 0.300 0.051 1.014 0.115 0.049 0.126 −0.005 0.131 0.065 0.066 −0.209 0.064 0.225 0.057 0.664
PER −0.205 0.073 0.468 0.142 0.144 0.065 0.684

POC ES 0.225 0.044 0.674 0.097 −0.130 0.054 −0.106 0.072 0.111 0.049 0.777
PER −0.171 0.052 0.465 0.102 0.117 0.047 0.788

PN ES 0.248 0.042 0.645 0.080 −0.129 0.047 0.174 0.108 0.805
PER −0.329 0.092 0.801 0.179 0.184 0.082 0.796

DOC ES 0.043 0.032 1.307 0.166 0.324 0.136 −0.291 0.086 −0.179 0.076 −0.117 0.069 0.909
PER 1.189 0.422 0.581

Standardized coefficients (SCs) and standard error (SE) of predictors that were selected through AIC and stepwise
procedures. Dependent variables: Precipitation = amount of precipitation that fell in the previous 15 min;
Q = instantaneous discharge at the time the sample was collected; PeakTime = time before or after peak flow;
FlowTime = time since flow began in hours; RateChange = change in Q over time where positive values are on the
rising limb and negative values are on the receding limb; EventTime = time since event initiation; WY Day = #
of days after 1 October (beginning of water year). Q, TSS, POC, PN, and DOC were all log-transformed to meet
assumptions of normality.

As expected, Q and precipitation exerted the greatest control on TSS and OM for both streams.
Precipitation is interesting in that all of the measured exports of ES increased with increasing
precipitation, whereas the reverse was true in the perennial stream either as a result of dilution of
exports as they reached the perennial stream or reduced carrying capacity in the perennial stream,
or both. An increase in DOC with increasing precipitation and Q has been reported in other headwater
studies (e.g., [26]). Rate Change, which is tied to the shape of the hydrograph (i.e., flashy behavior
equates to a more rapid rate of change), was a significant predictor for TSS, POC, and PN in the
perennial stream, but was weakly correlated to TSS in the ES. The other independent variables,
PeakTime, FlowTime, EventTime, and WY DAY, were significant only for ES. Dependent variables
decreased with increasing FlowTime and EventTime, which suggests that there was a pool of sediment,
DOM, and POM which was accessed early in an event and became depleted over time. The positive
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correlation with WY DAY for all dependent variables indicates that the time at which the pools were
accessed may be significant in terms of interpreting potential responses to climate change. We recognize
that WY DAY likely has a sinusoidal relationship and, thus, may not be a good predictor; however,
we explored the use of sin transformation and it did not improve R2.

3.4. The Water Year

There is a growing body of evidence that the seasonal component to OM pools and fluxes in
headwater streams (e.g., [24]) is linked to the wet–dry cycles that are prevalent in IRES and affects the
quality and quantity of OM exports from IRES (e.g., [26,30,52,53]). If that is the case, then there should
be a relationship between flux and timing within the water year, as the watershed transitions from hot,
dry summer conditions to cool, wet winter conditions. We examined correlations between dissolved
and particulate constituents and timing within the water year (WY Day; 1 October to 30 September) to
see if there were effects associated with wet and/or dry periods (Table 4). There were significant effects
between WY Day and flux of TSS, POC, PN, and DOC for ES, whereas these fluxes were not significant
for the perennial stream. Flux of TSS, POC, and PN all had positive correlations with WY Day which
indicates that flux of these particulates increases over the course of the water year. The most likely
mechanism for this would be active downcutting and headward erosion which releases sediment and
associated particulate OM into ES with successive storm events.

The negative correlation between water year date versus DOC indicates that ES DOC concentration
was highest at the beginning of the “wet” season and gradually decreased over time which is
consistent with data from a meta-analysis of 30 forested watersheds in the eastern United States
documenting higher DOC exports at the end of a dry period [26]. Flushing of high Cl and UVA254

sources (e.g., throughfall and O-horizon material; Table 2) during an early season storm (Figure 6;
31 December 2010 storm panel) is not as evident later in the season. The late season storm (Figure 6;
30 April 2010 storm panel) has a Cl versus UVA254 signal which is similar to GW (i.e., wet season base
flow) at the event onset, followed by throughfall and A-horizon soil. These relationships suggest that
early in the season there was a larger pool of labile DOC available within and leached from the upper
soil profile (e.g., O-horizon soil solution) and that over multiple flushing events the labile C pool was
depleted. If storm events are “hot moments” for the flushing of stored DOC [28,40], then peak DOC
efflux should occur at the onset of the wet season (late fall) and decrease throughout the wetter winter
months during successive leaching events. The DOC pool will build during drier months such that
events that occur after prolonged dry conditions will have high DOC concentrations [26,54]. Our data
support belowground storage of a leachable C pool during the dry season and flushing of the soil
C pool during storm events throughout the wet season, such that availability of DOC decreases to
minimum at the beginning of the next dry season. In contrast, the flushing signal that is evident within
the ES is not detectable within the perennial stream, most likely due to the dilution from groundwater
inputs (Figure 6; 23 April 2010) or CO2 evasion.

3.5. The Climate Connection

Climate projections for the southeastern US indicate a slight increase in warm days and especially
warm nights, which will lead to a longer duration of frost-free days, and an increase in drought
length [55]. Concurrent with the overall increase in temperature, there is “high confidence” that there
will be an increase in the number of annual days for which there are heavy (>75 mm) precipitation
events [55] even though MAP is expected to be relatively stable [34]. A comparison of several models
from the Mississippi River Basin also predict an increase in temperature which leads to a shift in
the seasonality of the precipitation such that precipitation will decrease during summer months and
increase during winter months [56]. Regional climate models from the central U.S. postulate a localized
summertime warming minimum or “warming hole” [57] such that convective storms will result in
precipitation that is greater than evapotranspiration, setting the stage for increases in soil moisture at
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the end of the summer season. These models pose a conundrum for how climatic drivers will affect
fluxes from IRES to downstream rivers.

If MAP does not change but event precipitation increases, then there must be less frequent events
of higher intensity with increased drying time between events. This scenario would result in higher
fluxes of Sediment and OM (until it is depleted seasonally) from the ephemeral watersheds with
increasing precipitation and Q (Table 4) especially during the first flood pulses as has been reported
for both particulate and dissolved OM e.g., [5,26]. The four ephemeral watersheds we gauged had a
combined area of 11.6 ha, representing 36% of the source area contributing to the perennial stream at
our gauge point, yet as small as they were, they discharged an average of 328 g s−1 ha−1 of OM (Table 3;
POC + PN + DOC + DON) during storm events. The high standard deviations of these measurements
indicate that the fluxes could be much higher or much lower. We used the existing relationship between
precipitation/Q and the dependent variables within a regression function to provide an indication of
how the watershed might respond to increases in precipitation or Q. The equation used was:

Ln(X) = B0 + B1 ∗ Ln(unitQ) + B2 ∗ (Peak time) + B3 ∗ (Flowtime) + B4
∗(Rate o f Change) + B5 ∗ (TimeEvent) + B6 ∗ (WY Day) + B7
∗(Precip)

where X is the dependent variable of interest (e.g., TSS, POC, PN, and DOC), B0 is the intercept,
and B1–B7 are the coefficients for each of the predictor variables (0 if the predictor variable was not a
significant predictor of the dependent). The resultant projected increase or decrease (%) in TSS and
OM components given a 5% increase in precipitation or Q is provided in Table 5.

Table 5. Projected increase in TSS and OM components with 5% increase in precipitation or Q and
coefficients from which they were derived.

Q Precipitation
Peak
Time

FlowTime
Rate

Change
TimeEvent WY Day

5% ∆ in
Precip

5% ∆

in Q

TSS ES 0.408 0.297 −0.211 0.237 2.0 2.0
PER 0.320 −0.221 4.197 −4.6 1.6

POC ES 0.388 0.103 −0.012 −0.064 0.003 0.7 1.9
PER 0.484 −0.268 5.040 −5.4 2.4

PN ES 0.349 0.131 −0.015 0.007 0.9 1.7
PER 0.551 −0.349 5.196 −7.0 2.7

DOC ES 0.563 −0.003 0.018 −0.007 −0.040 −0.003 0.0 2.8
PER 0.466 0.0 2.3

Projected increase or decrease in each of the dependent variables are in percentage in the two columns to the right.
ES = ephemeral streams. PER = perennial stream. Dependent variables: Precipitation = amount of precipitation
that fell in the previous 15 min; Q = instantaneous discharge at the time the sample was collected; PeakTime = time
before or after peak flow; FlowTime = time since flow began in hours; RateChange = change in Q over time where
positive values are on the rising limb and negative values are on the receding limb; EventTime = time since event
initiation; WY Day = # of days after October 1 (beginning of water year).

A century-long study of precipitation trends in forest lands of the Lower Mississippi River Alluvial
Valley (LMRAV) reported precipitation increases (estimated to be 7%) at the south coastal area of the
LMRAV and constant or a slight decrease at the middle area of the LMRAV [58]. Our study site was
between the south and middle parts of the LMRAV and, therefore, a 5% increase in precipitation is a
reasonable estimate. A 5% increase in stream discharge is considered as the extreme case because not
all of the 5% increase precipitation contributes to discharge.

Where there is a 5% increase in precipitation, within ES we would expect increases across all
particulate constituents. However, given the perennial stream sensitivity to precipitation there would
most likely be a negative effect of on the flux of most constituents. When and how the precipitation
occurs can change the outcome insofar as precipitation and Q are coupled. Higher magnitude storms,
which may cause an increase in Q, will be the primary drivers for additional materials flux. Given a
5% increase in Q, there was an increase from 1.6% to 2.8% in average instantaneous flux of materials
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from both the ES and the perennial stream (Table 5). For example, an increase of 0.63 × 103 m3 s−1 ha−1

in Q within ES would result in an increase of 69.0 g s−1 ha−1 average instantaneous flux of TSS and
7.8 g s−1 ha−1 of OM (Table 6). While increases appear to be small, it is important to remember these
are instantaneous fluxes, so over the course of an event the flux will be much higher depending upon
the change in the discharge-rating curve relative to historical data. Changes between ES and the
perennial stream are similar, which suggests that materials flux from the ES continues in the perennial
stream and that the perennial stream acts as a conduit for materials generated in the ES.

Table 6. Modeled increase in average within-event instantaneous flux of materials given a 5% increase
in Q.

5% ∆ Unit Q ∆ TSS ∆ POC ∆ PN ∆ DOC
∑

OM

(×103 m3 s−1 ha−1) (g s−1 ha−1)

Ephemeral 0.63 69.00 1.90 0.13 5.78 7.82
Perennial 0.28 8.34 0.52 0.06 2.22 2.79

Instantaneous flux is Q × C, where Q is the instantaneous discharge and C is the concentration of the sample at the
time of sample collection.

The hydrologic transition from dry to wet in these IRES could result in pulses of DOC
release [30,31,59] followed by mineralization and CO2 release from the perennial stream [60], especially
since rates increase with increasing catchment area [61]. Much of the DOC and POC in the ES derived
from the soil profile (Figures 2 and 3). If, as a result of climate change, there is an increase in convective
storms and greater soil moisture at the end of the summer season, then wetting and drying cycles of
soils and streams will be moderated and there may be lower DOC production and flux simultaneously
with higher POM due to the increased energy in the system to mobilize particulates and sediment.

If MAP does not change but rainfall shifts to winter months, then presumably the summer drought
season would be lengthened. Increased drought during the warmer months followed by short-term
high intensity events would result in increased downcutting and headward erosion followed by
greater flux of TSS, POC, and PN (Figure 4 and Table 3). A compilation of climate models for an
agricultural watershed in Mississippi predicted that an increase in summer temperatures would result
in a decrease in runoff, but approximately 12% greater TSS loads, presumably due to the higher intensity
precipitation events [62]. Perhaps of greater import is that prolonged drought may increase the areal
extent of IRES [1] which means that there would be a greater time and area over which soil OM can
accumulate. If Horton infiltration excess is the primary path for DOC to streams, then perhaps there
would be no change beyond what is mobilized with sediment due to the erosion. If Dunne saturation
excess is the primary source of DOC as is suggested by our data (Figures 2 and 4a), then there will be
a greater time over which the pool can build and potentially larger releases to the stream network.
Longer-term studies are needed to determine the impact of climate change on the flux of (OM) from
IRES in the southeastern US.

4. Conclusions

Our first question was: what are the sources of sediment and OM in ES? DOM was derived from
Dunne-type saturated flow through the upper part of the soil profile, particularly during the first flush
of storms and after dry periods. Sediment and POM were derived from down cutting and headward
erosion during the rising limb of storm events. Changes in processes that affect erosion are going to
lengthen stream channel networks and increase the areal extent of ES.

Our second question was: what are the controls on flux of sediment and OM from very small
(<4 ha) ES to downstream reaches? Precipitation, WY Day, and variables associated with the shape of
the hydrograph all had linear relationships with sediment, DOM, and POM. No matter what happens
to the other variables (e.g., precipitation, length of the water year, shape of the hydrograph), discharge
will have an overriding effect on the flux of materials because there is a power log relationship between
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Q and materials flux. Any changes to Q (i.e., caused by higher-intensity storms) will have a large
control over the flux.

The flux of OM in response to climate change is going to be dependent upon how the change
affects the source of OM. Projected climate effects are: (1) less frequent, higher-intensity storms and/or
(2) shift to heavier precipitation in winter and longer drought in summer. If there is a shorter water year
but the same amount of precipitation, there needs to be a longer/larger stream network to accommodate
the flow. Precipitation during storms is likely to result in more water transfer through the upper part
of the soil profile in conjunction with increased channel incision. Higher intensity storms resulting in
higher Q within ES channels will result in greater flux of materials to downstream perennial reaches.

Do small IRES matter in the context of climate change? Given the storm-driven flux of sediment
and OM from these small ephemeral watersheds and the potential for that OM to be processed and
evolved as CO2 under projected climate scenarios for the region, the answer is yes—IRES matter.
There are three reasons that ES should be incorporated into climate-driven hydrological models: (1) ES
are intimately connected to sources of OM; (2) ES are indirectly connected to precipitation through Q;
(3) there is likely to be an expansion of the areal extent of ES. For these reasons we need to consider ES
when modeling the response of hydrological systems to climate change.
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Abstract: On-farm water storage (OFWS) systems are best management practices that consist of a
tailwater recovery (TWR) ditch used with a storage pond to provide irrigation water and improve
downstream water quality. These systems have been increasingly implemented in the southeastern US,
but the individual and cumulative effects of these systems on a watershed scale are unknown. In this
study, the runoff, nutrient, and sediment loads entering a TWR ditch in an agricultural catchment
were quantified, and contributing sources were identified using the annualized agricultural non-point
source (AnnAGNPS) model. Fields with larger areas and soils with a high runoff potential produced
more runoff. The volume of runoff exceeded the TWR ditch storage volume approximately 110
times, mostly during the winter and spring seasons. During years when corn and winter wheat were
planted, NO3–N loads increased because these crops need nitrogen fertilization to grow. Planting
winter wheat in priority subwatersheds reduced the total phosphorous (TP) and sediment loads by
about 19% and 13%, respectively, at the TWR ditch inlet. Planting winter wheat can reduce runoff, TP,
and sediment loads but also result in higher NO3–N loads. AnnAGNPS simulations quantified the
benefits of an OFWS system to advance the understanding of their impact on water availability and
quality at a watershed scale.

Keywords: tailwater recovery ditch; AnnAGNPS; BMP

1. Introduction

The global population has been projected to increase between 9.6 billion and 12.3 billion by
2100 [1]. As a result, agriculture will have to double its productivity to feed people [2,3]. Meeting
this increasing food demand has led to the intensification of agriculture, which translates into the
greater use of chemical inputs and pressure on soil and water resources. Agricultural activities often
transfer excess fertilizers through non-point source (NPS) pollution into aquatic ecosystems causing
devastating ecological and economical effects [4–8]. Therefore, a balance between increasing yields
and mitigating adverse environmental impacts is crucial for the future of agriculture.

The implementation of best management practices (BMPs) has been recognized to significantly
reduce NPS pollution from croplands to downstream waterbodies [9–11]. However, much effort is
still devoted to quantifying the effectiveness and benefits of such practices, especially newer BMPs.
Measuring BMP performance can be a challenge because their benefits vary spatially and temporally
due to the heterogeneity of the landscape and seasonality of hydrological factors [12]. The challenge
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is even greater when attempting to evaluate the effects of several BMPs combined [13–15], address
the shift in BMP performance over time [16], and understand lag times in water quality response [17].
The use of watershed models can be a feasible alternative to quantify the effectiveness of BMPs
while accounting for these challenges [16,18–24]. However, due to the diversity of BMPs that can be
implemented over agricultural fields, information describing the performance of each BMP and the
combined use of different BMPs is limited.

Structural BMPs such as tail-water recovery (TWR) ditches and agricultural ponds (i.e., on-farm
water storage systems—OFWS) can improve downstream water quality by significantly reducing
nutrient loads from agricultural watersheds [25–27]. The dual benefit of reducing nutrient pollution
and supplying water for irrigation is important in areas such as the Lower Mississippi River Valley,
where agricultural production strongly depends on irrigation. Farmers and landowners in this region
are tasked with (1) reducing off-site movement of nutrients, which contributes to the hypoxic zone in
the northern Gulf of Mexico, and (2) conserving water resources to slow the declining groundwater
levels in the Mississippi River Valley Alluvial Aquifer (MRVAA), the primary source of water for
irrigation. Consequently, OFWS systems have been implemented across the MRVAA, especially in
areas with more severe groundwater declines. Although research has highlighted in-ditch and in-pond
nutrient reductions, less attention has been placed on estimating the water and nutrient loads entering
and exiting OFWS systems [28,29]. Evaluating the OFWS drainage area will quantify the impacts of
these systems on a watershed scale, which will advance our understanding of the cumulative effects of
these systems on water quality and groundwater decline as more OFWS systems are implemented
throughout a watershed.

The annualized agricultural non-point source (AnnAGNPS) model [30,31] is a watershed model
that has been designed to measure the impact of agricultural management practices on hydrological
and water quality responses in watersheds. Most studies using the AnnAGNPS model demonstrate
its performance after model calibration with field-observed data [22,32–39]. However, AnnAGNPS
has also been used for similar purposes without conducting calibration with measured data. A study
used the model with no calibrated parameters to estimate the runoff and sediment in an agricultural
watershed within the Mississippi Delta Region [21]. They concluded that the model had an adequate
ability to simulate monthly and annual runoff and sediment yield with no calibration process. This
finding is of significant interest because it is difficult and costly to secure sufficient observed data
to conduct calibration processes in watershed-scale modeling studies. To date, efforts to assess the
benefits of tail-water recovery ditches using watershed scale models has been limited. This is, at least
in part, because these ditches have multiple inlets. Therefore, the collection of measured runoff and
water quality data (and especially continuous measured runoff and water quality data) is usually
impractical and expensive, making it a challenge to collect a sufficient quantity of measured data on
even one OFWS system. However, estimating the effects of OFWS systems at various scales is critical
to stakeholders and agencies to better identify where these systems can be implemented to improve
water quality and relieve pumping pressure on groundwater.

In this study, the AnnAGNPS model was used without calibration with field data to simulate
runoff, sediment, and nutrient loads and identify the main contributing areas draining to a TWR ditch
established as part of an OFWS system within Porter Bayou Watershed, Mississippi. The quantification
of the water, nutrient, and sediment loading is an essential step in understanding the water quality
and quantity benefits of OFWS systems when implemented in agricultural watersheds, as well as
how the management of these systems might be altered to improve performance. Predictions on the
volume of water captured by OFWS systems can also help determine their potential for alleviating
local flooding. Finally, this study advances the incorporation of an OFWS system and the associated
watershed impacts into the AnnAGNPS model, with the goal of improving the ability of AnnAGNPS
to model these systems on a larger scale.
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2. Materials and Methods

2.1. Study Site

This investigation was conducted in the Porter Bayou Watershed (PBW; 33◦26′39”–33◦51′38” N,
90◦48′54”–90◦31′34” W) in the Mississippi Delta Region (MDR), an intensively farmed area located
in northwest Mississippi, USA (Figure 1). For the AnnAGNPS simulation, a small 214 ha watershed
within the PBW located north of Indianola, MS, in Sunflower county, was selected, and it included
Metcalf farm and the surrounding area that drains into the OFWS system outlet at M3 (Figure 1).
The major crops grown from 2012 to 2016 were soybeans, corn, and rice (Table 1). Winter wheat was
planted during 2013 and 2014 in four and two fields, respectively. The watershed is dominated by
the following soil types: Forestdale, Tensas, Dundee, Pearson, and Dowling, which are primarily
poorly drained soils and prone to produce high runoff. In addition, the watershed is relatively flat
with surface elevations ranging from 130 to 135 m. The average temperature ranged from −8.3 ◦C in
winter 2014 to 32.2 ◦C in summer 2012 (Figure 2a). The lowest total seasonal precipitation was 99 mm
observed in summer 2015, while the highest was 579 mm in spring 2014 (Figure 2b). Average annual
precipitation was 1308 mm, and in 2013 and 2014 this average was exceeded by 242 mm and 114 mm,
respectively. Meanwhile, 2012 and 2015 were drier years with a total annual rainfall of 1100 and 1133
mm, respectively.

Figure 1. Map of the study area showing the agricultural watershed with the on-farm water storage
system investigated in the Mississippi Delta Region. The blue arrows represent the runoff flow direction
towards the outlet. (M1: tailwater recovery (TWR) inlet; M2: TWR mid-canal; M3: TWR outlet; labels
within fields indicate the subwatershed identification used by the annualized agricultural non-point
source (AnnAGNPS) model).
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Table 1. Basic characteristics and land use including the planting dates of the subwatersheds.

Subwatershed
ID

Area (ha)
Average

Elevation (ft)

Average
Land Slope

Soil Type
Hydrologic
Soil Group

Land Use

2012 2013 2014 2015 2016

C3 16.85 130 0.0012
Db—Dowling silty clay

loam
D TRNAR TRNAR TRNAR TRNAR TRNAR

C4 17.00 131 0.0010
Fm—Forestdale silty

clay loam
D Soybean May 11 Soybean March 21 Soybean May 11 Soybean May 4 Soybean May 9

C5 9.40 131 0.0011 Am—Dundee silt loam C Soybean May 10 Corn March 21 Soybean May 11 Soybean May 4 Soybean May 9
C6A 14.67 131 0.0018 Am—Dundee silt loam C Soybean May 10 Corn March 21 Soybean May 11 Soybean May 4 Soybean May 9

C6B 15.74 131 0.0018
Fb—Forestdale silt

loam
D Soybean May 10 Corn Mar 21 Soybean May 11 Soybean May 4 Soybean May 9

C7 13.63 134 0.0020
Fm—Forestdale silty

clay loam
D Pasture Pasture Pasture Pasture Pasture

C8 2.34 132 0.0006 Db—Dowling clay D Forest Forest Forest Forest Forest
C9 18.70 132 0.0008 Db—Dowling clay D Soybean June 12 Rice May 26 Soybean June 20 Rice May 3 Corn April 25

C11 12.22 132 0.0017
Fb—Forestdale silt

loam
D Soybean April 24

Soybean June 10
WW October 25

Soybean May 20 Soybean April 9 Corn April 25

C12 13.41 133 0.0004
Fb—Forestdale silt

loam
D Rice April 13 Corn April 18 Soybean May 8

Soybean April
30

Rice March 30

C13 1.16 133 0.0016
Fb—Forestdale silt

loam
D Forest Forest Forest Forest Forest

C14 13.89 133 0.0005
Fb—Forestdale silt

loam
D Soybean April 23 Soybean May 27 Soybean May 6

Soybean April
28

Corn April 25

C16 8.89 134 0.0012 Dk—Silty clay D Soybean April 24
Soybean June 10
WW October 25

Soybean May 20 Soybean April 9 Corn April 25

C17 22.54 135 0.0019 Pa—Pearson silt loam C Rice April 13 Corn April 18
Soybean May 6
WW October 25

Soybean June 12 Rice March 30

C18 6.95 134 0.0011
Fb—Forestdale silt

loam
D Soybean April 24

Soybean May 18
WW October 25

Soybean May 6
Soybean April

30
Corn April 25

C19 6.66 135 0.0012 Dk—Silty clay D Soybean April 24 Soybean June 10 Soybean May 20 Soybean April 9 Corn April 25

C20 7.00 134 0.0004 Dk—Silty clay D Soybean April 24
Soybean May 18
WW October 25

Soybean May 7
Soybean April

30
Corn April 25

C21 12.99 134 0.0013 Dk—Silty clay D Soybean June 4 Corn April 18
Soybean May 18
WW October 25

Soybean June 12 Rice March 30

TRNAR: turn area; WW: winter wheat.
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Figure 2. Average temperature and total precipitation by season during the period 2012–2016 at the
study site. (a) Boxplots of the average temperature. (b) Bar chart showing the total precipitation. Winter:
January–March; Spring: April–June; Summer: July–September; Fall: October–December. Boxplots were
set at 90th (the upper whisker), 75th (the upper quartile), 50th (the median), 25th (the lower quartile),
and 10th (the lower whisker) percentiles. Outliers were considered those observations 1.5 times beyond
the 25th and 75th percentile and are shown as grey circles.

The OFWS system consists of a trapezoidal-shape TWR ditch and an elongated agricultural pond
which have a combined storage volume of 128,020 m3 (TWR ditch: 13,320 m3; pond: 114,700 m3).
Water flows from north to south through the ditch, which is 818.8 m long and 1.8 m deep on average;
the pond is 2.4 m deep with a surface area of 4.45 ha. Runoff is routed to the single outlet pipe
(33◦39′35.6” N, 90◦39′11.9” W) set at 1.2 m above the canal bed (Figure 1). The system was designed
according to National Resources Conservation Service (NRCS) [40] guidelines, and more information
about its characteristics can be found at Pérez-Gutiérrez, Paz and Tagert [25].

2.2. Model Description

AnnAGNPS is a physical process model developed to simulate the runoff, sediment, nutrient,
and pesticide yields at a daily time step in small watersheds. The model divides the watershed into
subwatersheds based on homogeneous physical characteristics such as soil type, land use, and land
management. AnnAGNPS is a continuous simulation model and has been primarily developed to
evaluate the impacts of different agricultural management practices on watersheds. As with other
physical process watershed-scale models, the major input data are climate, land characterization, field
operations, chemical characteristics, and feedlot operations. A detailed description of the model can
be found in Geter and Theurer [30], Bingner, et al. [41], Bosch, et al. [42], Theurer and Cronshey [43],
Cronshey and Theurer [44].
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2.3. Model Input

A detailed field survey was conducted to identify the field boundaries and collect elevation data
required by the model. Eighteen fields were identified as subwatersheds (or cells), and associated
reaches were defined for routing runoff to the outlet (M3) in the AnnAGNPS model (Figure 1).
Because all fields were precision leveled, they were defined as homogeneous drainage areas or
subwatersheds. The delineation of the watershed was done manually with the aid of GoogleTM Earth
and geographic information system (GIS) technologies. Parameters describing the subwatersheds
such as area, average elevation, and average land slope were determined from the field survey
(Table 1). Parameters representing the time of concentration and travel time were computed from
data provided by the field reconnaissance following USDA-SCS [45] methods, modified by Theurer
and Cronshey [43]. Soil data and physical properties were obtained from the Soil Survey Geographic
(SSURGO) database [46]. Although 15 soil types were identified throughout the watershed, the
dominant soil type was determined for each subwatershed as required by the model, using GIS
operations (Table 1). Crop planting dates were obtained from the Sunflower county USDA–NRCS
office. A crop management schedule was assigned to each field according to the typical management
practices conducted in the MDR (Table 2). Irrigation was included in the crop management schedule,
starting in late May or June and ending in August. The SCS curve number is an important model
parameter used to estimate runoff. Table 3 shows the curve numbers used in the model, based
on different land use categories and hydrologic soil types in the watershed. Weather data were
recorded automatically at 15-min intervals from March 2012 to December 2016 by a WatchDog 2700
Weather Station (Spectrum® Technologies, Inc., Aurora, IL) located 9.2 km southeast of the outlet
(M3). The weather data were subsequently processed to create daily time scale files as required by the
AnnAGNPS model. Data from the Parameter-elevation Regressions on Independent Slopes Model
(PRISM) Climate Group (http://www.prism.oregonstate.edu/explorer/) were used to fill any gaps in
rainfall records. Other missing weather data such as daily maximum and minimum temperature, dew
point, wind velocity, and solar radiation were patched using data from the Moorhead, MS climate
station, which is located 22 km south of the study site and managed by the National Oceanic and
Atmospheric Administration.

Table 2. Typical crop management operation for the crops planted in agricultural watersheds within
the Mississippi Delta Region (MDR) used in this study.

Cropland Activity Application Rate

Soybean

Bedder -
Plant -

Harvest -
Disk -

Corn

Bedder -
Sprayer (pre) -

Plant -
Fertilizer 150 kg ha−1 (soluble nitrogen)
Fertilizer 13 kg ha−1 (phosphorus)

Sprayer (post) -
Sprayer (insecticide) -

Harvest -

Rice

Sprayer (pre) -
Plant -

Harvest -
Disk -

Wheat

Plant -
Fertilizer 120 kg ha−1 (soluble nitrogen)
Harvest -

Burn stubble -
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Table 3. Soil Conservation Service (SCS) curve numbers selected for runoff estimation relative to
cropland at the agricultural watershed. Source: USDA-SCS [47].

Cropland Land Cover Class
Hydrologic Soil Type

C D

Soybean Plant Soybean straight row (poor) 88 91
Harvest Fallow + crop residue (poor) 90 93

Corn Plant Rowcrop with residue 85 89
Rice Plant Rowcrop with residue 85 89

Wheat Plant Small grain straight row + crop residue (poor) 83 86

AnnAGNPS was used to simulate the runoff, sediment, and nutrient loads entering the TWR ditch.
The model was set to run for two initialization years (2010–2011) to establish antecedent conditions
before beginning the simulation period over the next five years (2012–2016). As described by Bosch,
Theurer, Bingner, Felton and Chaubey [42], AnnAGNPS outputs are predefined by the user for the
watershed source of interest (subwatersheds, reaches, among others). The model produces event-based
output as well as monthly and annual summaries of hydrologic and water quality parameters. The
model partitions nitrogen and phosphorus load into sediment-bound and dissolved fractions. This
study used dissolved nitrate nitrogen (NO3–N) and total phosphorus (TP) to represent NO3–N and
TP, respectively, and employed AnnAGNPS to estimate the runoff, sediment, NO3–N, and TP loads
entering a TWR ditch.

3. Results and Discussion

Table 4 presents the average annual runoff, nutrient and sediment loads entering the TWR ditch
per unit area, as well as the contributing fields and total area draining to each point—M1, M2, or main
outlet M3—in the TWR ditch. The load values represent the aggregate contributions divided by the
area of the fields draining into the TWR ditch at each outlet. These values provide a unique picture of
the impact of each source area regardless of size. Annual runoff volume per unit area entering the
ditch at mid-point M2 was slightly higher than the runoff entering at the M1 or M3 by about 600 m3

ha−1 yr−1, even though M2 had the smallest drainage area. This difference is attributed to the runoff
potential of the fields draining to M2. Subwatershed C4 is the field covering the third largest area of
all subwatersheds, and soil in this field has the highest runoff potential (hydrologic soil group D). In
addition, reaches transporting runoff flow directly into the ditch from subwatersheds C4 and C5. This
direct flow path minimizes the amount of water allowed to infiltrate or evaporate and results in a
greater volume of water draining into the ditch.

Table 4. Contributing fields to each channel reach, production of average annual runoff and load of
nutrients and sediments entering the TWR ditch.

Category Unit
TWR Channel Reach

M1 M1–M2 M2–M3

Contributing fields
C7, C8, C9, C11, C12, C13, C14,
C16, C17, C18, C19, C20, C21

C4, C5 C3, C6A, C6B

Area ha 140.38 26.40 47.26

Runoff m3 ha−1 yr−1 6785 7364 6743
NO3–N kg ha−1 yr−1 4.05 0.96 1.7

TP kg ha−1 yr−1 1.19 0.77 1.56
Sediment ton ha−1 yr−1 1.65 1.54 1.28

The NO3–N load per unit area was higher at M1 as most of the fields that were planted with corn
and winter wheat during the simulation period are located upstream of M1. The TP load entering
the ditch at M3 tended to be higher. Subwatershed C3, one of the three fields that drained to M3,
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was the only field that was simulated as a turn area. Typically, turn areas have compacted soils and
do not have vegetation. This means that the soil in this field is highly susceptible to erosion and the
off-site movement of nutrients by rainfall–runoff, which might explain the higher TP load simulated by
AnnAGNPS at M3. Sediment loading did not show much variation through the TWR ditch segments,
indicating that the sediment load might be equally distributed over the total area contributing to the
TWR ditch outlets.

3.1. Spatial Variation

The average annual runoff estimated by the AnnAGNPS model is shown in Figure 3. During the
5-year simulation period (2012–2016), the model estimated an average annual runoff of 1,370,053 m3

that drained into the main outlet at M3, of which 11% was contributed by irrigation runoff. The five
highest runoff-producing subwatersheds were C17 (9.73%), C9 (9.31%), C4 (8.78%), C6B (7.74%), and C3
(7.47%). These five fields cover a large drainage area (a combined 90.83 ha out of the total area of 214.04
ha) when compared to other fields in the watershed, which may explain the high runoff production.
NO3–N load transported throughout the watershed to M3 resulted in 623.2 kg yr−1 (Figure 4). Five
subwatersheds contributed 56.2% of the average annual NO3–N load, and the order was: C17 (18.41%)
> C21 (16.15%) > C11 (8.29%) > C16 (7.03%) > C6A (6.36%). The average annual TP load from 2012
to 2016 in each subwatershed is shown in Figure 5, and the average annual TP load for the whole
watershed resulted in 256 kg yr−1. Five subwatersheds contributed 66.2% of the average annual TP
load in the following order: C9 (21.7%) > C3 (18.66%) > C17 (16.16%) > C6A (5.09%) > C21 (4.06%).
The average annual sediment load resulted in 312.8 tons yr−1, and five subwatersheds contributed 62%
of the average annual sediment load (Figure 6) in the following order: C17 (36.18%) > C6B (7.47%) >
C5 (6.45%) > C11 (6.03%) > C21 (5.84%). A list of seven subwatersheds that had the greatest impact on
water quantity and quality in the simulated watershed is shown in Table 5. Five subwatersheds (C17,
C6B, C21, C9, and C3) were designated as priority subwatersheds because they ranked at least first
or second with respect to runoff production, NO3–N load, TP load, or sediment load. Subwatershed
C17, which has the largest area (22.54 ha) and the second highest average slope (0.0019), generated
the highest sediment and NO3–N loads. Soils in this field, classified as a hydrologic soil group C,
are shallow and have below-average infiltration, and thus have moderately high runoff potential.
Furthermore, crops in this field were more diverse and varied between rice, corn, soybean, and winter
wheat with assigned curve numbers ranging from 83 to 90. Higher curve numbers translate into
higher runoff, and this effect is magnified over larger fields when rainfall occurs. Runoff transported
higher loads of nitrogen when corn and winter wheat were planted because these crops required 150
kg ha−1 and 120 kg ha−1 of soluble nitrogen fertilizer, respectively. However, winter wheat might
have reduced TP load during winter. Therefore, the combined effect of landscape characteristics and
fertilizer application played a more influential role in the nutrient load from the C17 subwatershed.
Subwatershed C9 has an area of 18.70 ha (ranked second in size) and soils classified as hydrologic soil
group D. The C9 subwatershed produced the largest TP load of all subwatersheds and ranked second
in terms of runoff volume. This subwatershed was planted in a soybean–rice rotation for four years
and then planted with corn, which was fertilized with 150 kg ha−1 of soluble nitrogen and 13 kg ha−1

of phosphorus in 2016. Thus, the area of the subwatershed seemed to be an important factor for the TP
load contribution in the watershed.
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Figure 3. Map of the study area showing the average annual runoff production in the simulated
watershed. The blue arrows represent the runoff flow direction towards the outlet. (M1: TWR inlet;
M2: TWR mid-canal; M3: TWR outlet; labels within fields indicate the subwatershed identification
used by the AnnAGNPS model).
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Figure 4. Map of the study area showing the average annual NO3–N load in the simulated watershed.
The blue arrows represent the runoff flow direction towards the outlet. (M1: TWR inlet; M2: TWR
mid-canal; M3: TWR outlet; labels within fields indicate the subwatershed identification used by the
AnnAGNPS model).
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Figure 5. Map of the study area showing the average annual TP load in the simulated watershed.
The blue arrows represent the runoff flow direction towards the outlet. (M1: TWR inlet; M2: TWR
mid-canal; M3: TWR outlet; labels within fields indicate the subwatershed identification used by the
AnnAGNPS model).

221



Climate 2020, 8, 133

Figure 6. Map of the study area showing the average annual sediment load in the simulated watershed.
The blue arrows represent the runoff flow direction towards the outlet. (M1: TWR inlet; M2: TWR
mid-canal; M3: TWR outlet; labels within fields indicate the subwatershed identification used by the
AnnAGNPS model).
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Table 5. Rankings of seven subwatersheds based on their impact on water quantity and quality in the
simulated watershed.

Subwatershed
Rank

Runoff Production NO3–N Load TP Load Sediment Load Total

C17 1 1 3 1 6
C6B 4 6 7 2 19
C21 9 2 5 5 21
C6A 8 5 4 6 23
C9 2 8 1 13 24
C11 10 3 10 4 27
C3 5 12 2 10 29

Rows with highlighted records indicate that the individual rank resulted in either 1st or 2nd. Subwatersheds with
highlighted rows were designated as priority fields.

Subwatershed C6B was ranked fifth and third with respect to the magnitude of the area and
average land slope, respectively, and was classified as having soils in hydrologic soil group D. The
C6B subwatershed generated the second highest sediment load of all subwatersheds and was planted
primarily with soybeans except during 2013, when corn was planted. In addition, the C3 subwatershed
ranked fourth in magnitude of area and ninth with respect to the average land slope and generated the
second highest TP load of all subwatersheds. The C3 subwatershed had soils classified as hydrologic
soil group D and was simulated as a turn area, which explained the high TP load attached to sediments
and transported by runoff. Finally, the subwatershed C21 also had soils in hydrologic soil group D and
was ranked tenth in areal extent and seventh for average land slope. The C21 subwatershed produced
the second highest NO3–N load of all subwatersheds. Similar to C17, subwatershed C21 was also
planted with corn and winter wheat during two consecutive years in 2013 and 2014.

3.2. Temporal Variation

The total annual runoff production and nutrient and sediment load from the simulated watershed,
as estimated by the AnnAGNPS model, are shown in Figure 7. During the 5-year simulation period
(2012–2016), an average annual total runoff of 1,465,678 m3 drained to the main outlet at M3. This
volume exceeds the TWR ditch storage volume by roughly 110 times, which highlights the magnitude of
surface water available in the simulated watershed. In terms of runoff produced by year, the order was
2013 > 2014 > 2016 > 2015 > 2012 (Figure 7a), which followed the same pattern for total precipitation
by year. Overall, fields draining upstream from the TWR ditch to the inlet at M1 generated the highest
volume of runoff at a rate of 952,578 m3 yr−1, which resulted in roughly 65% of the total runoff volume
produced annually. Fields draining into the TWR ditch between M1 and M2 contributed 13.3% of the
annual runoff production, and fields draining into the ditch between M2 and M3 contributed 21.7% of
the average annual runoff.

The changes in total annual NO3–N load for each TWR ditch segment are shown in Figure 7b.
Nitrate nitrogen was highest in 2015, followed in order of magnitude by 2014, 2013, 2016, and 2012.
Overall, the area that drained into M1 was responsible for the greatest percentage of the NO3–N
load in the TWR ditch in all years. During the 2013 growing season, 41.4% of the watershed was
planted with corn, mainly in five (C17, C6B, C21, C6A, C5) of the highest runoff contributing fields in
the simulated watershed (Table 5). Winter wheat covered 12.2% of the watershed after the summer
growing season in 2013. Both corn and winter wheat were fertilized with soluble nitrogen, which
is reflected by the high NO3–N load that was simulated by the model in 2013. In 2014, rainfall was
highest during spring, roughly equally distributed between summer and fall, and minimal in winter.
In fall 2014, the subwatersheds with the highest contributing nitrate loads, C17 and C21, were planted
with winter wheat, which was fertilized with soluble nitrogen. Available nitrogen in soil after the
fertilizer application was likely transported by runoff from the 2014 winter and 2015 spring rainfall,
which might explain the higher NO3–N load during these years. In addition, soybeans were planted
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on 84% of the simulated watershed during 2014. After soybeans were harvested, 33% of the nitrogen
that was used by the plant was left over in the soil [48], available for potential transformation mediated
by microorganisms and susceptible to movement off fields by runoff.

Figure 7. Comparison of (a) the total annual runoff production, (b) the total annual NO3–N load, (c)
the total phosphorus (TP) load, (d) and the total suspended solids (TSS) in the simulated watershed.
M1: TWR inlet; M2: TWR mid-canal; M3: TWR outlet.

Total annual sediment and TP loads were highest in 2013, followed in order of magnitude by 2014,
2012, 2016, and 2015 (Figure 7c,d). The changes in TP and sediment loads were similar and can be
attributed to the fact that phosphorus is usually transported as sediment-bound phosphorus. Similar
to the pattern observed for NO3–N, the bulk of TP and sediment were from the area that drains into
M1. In addition, TP and sediment loads entering the ditch between M2 and M3 were generally higher
than the loads entering the system between M1 and M2. In 2013, significant amounts of precipitation
were recorded in winter, fall, and spring. These conditions favored the production of runoff from fields
with exposed soil, and it is highly likely that erosion due to high runoff resulted in greater loads of TP
and sediment in 2013. In contrast, the NO3–N load during 2014 was higher than during 2013. One
possible explanation is that most of the fertilizer applied during spring and fall of 2014 was transported
off the field as most of the rain fell during these two seasons. In addition, during 2013 and 2014, 41.5%
of the simulated watershed was planted with corn and 16.6% with winter wheat. Planting winter
wheat after corn seemed to result in larger NO3–N loads transported with runoff. Rainfall was higher
during the winter and summer of 2016 and minimal during spring and fall. In 2016, the fields were
planted with corn (34.7%), soybean (26.5%), and rice (22.7%). Runoff produced in 2012 and 2015 was
the lowest among the 5-year simulation period, which may be attributed to less rainfall observed in
2012 and 2015 as compared to other years. The water savings potential of the TWR ditch was estimated
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by combining the simulated runoff and discharge water measured at the ditch outlet available for 2016
(Figure 8). Of the 1,526,105 m3 of runoff produced, 56.5% (862,581 m3) was saved by the ditch in 2016.

Figure 8. On-farm water storage (OFWS) system water savings potential estimated for 2016.
Precipitation: total precipitation; Runoff: AnnAGNPS simulated runoff; Outflow: water discharge
measured at the outlet pipe.

3.3. Impact of Additional Agricultural Management Operations

To examine the impacts of management practices on water quality and quantity, two scenarios
were implemented in AnnAGNPS. Scenario 1 planted winter wheat in priority subwatersheds (C17,
C6B, C21, C9, and C3), and Scenario 2 planted winter wheat in all subwatersheds. With more rainfall
occurring outside the summer growing season, winter wheat could be an option for producers unable
to irrigate or those trying to use less water for irrigation. The current management practices were set
as the baseline scenario. The impacts of Scenarios 1 and 2 on the estimated average annual runoff,
sediment, and nutrient loads at different locations within the TWR ditch (M1, M2, and M3) are shown
in Figure 9. The targeted implementation of management practices (Scenario 1) reduced the TP and
sediment loads at M1 by 19.3% and 12.6%, respectively. However, under Scenario 1, NO3–N loading
increased substantially at all locations primarily because winter wheat was fertilized with soluble
nitrogen at a rate of 120 kg ha−1. This suggests that some of the nitrogen applied to fields may have
been transported off-site by runoff.

Scenario 2 resulted in greater average annual reductions of TP and sediment loads than Scenario 1.
If winter wheat is planted in all subwatersheds, TP loads from the areas upstream of M1 are predicted
to decrease by approximately 38% from the current conditions. Reductions in TP loads at M2 and M3
were about 63% and 25%, respectively. Reductions in sediment loads followed a similar pattern as
those for TP, with a higher percentage reduction at the upstream outlet locations—M1 (24.2%) and
M2 (45%)—than at the downstream outlet—M3 (22%). The all winter wheat scenario also showed
a reduction in runoff. In total, 188,100 m3 (97,900 m3 at M1; 29,700 m3 at M2; and 60,500 m3 at M3)
of runoff were reduced from the fields draining to the TWR ditch. Despite the positive effects that
could result from planting winter wheat in the target watershed, AnnAGNPS simulations showed very
high increases in the NO3–N load entering the ditch at M1 due to the nitrogen fertilization necessary
to grow winter wheat. Conservationists and policy makers should be mindful that implementing
management practices to improve water quality might have positive effects on one variable but
associated undesirable tradeoffs on another variable (Smith et al., 2019). Although cover crops may
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reduce NO3–N leaching to groundwater, the NO3–N load may increase with runoff due to biomass
leaching during rainfall events [49]. This effect might be exacerbated if soluble nitrogen is applied over
poorly drained soils with a high runoff potential.

Figure 9. Impacts of two additional agricultural management operations in the simulated watershed on
the average of (a) total annual runoff production, (b) NO3–N load, (c) TP load, and (d) sediment load.
Text arrows indicate the reduction or increase percentage relative to the current condition scenario;
R: reduction; I: increase; WW: winter wheat; M1: TWR inlet; M2: TWR mid-canal; M3: TWR outlet;
Scenario 1: planting winter wheat in priority subwatersheds; Scenario 2: planting winter wheat in
each subwatershed.

4. Summary and Conclusions

The AnnANGPS model was used to estimate the water, sediment, and nutrient loads entering a
TWR ditch implemented as part of an OFWS system in an agricultural watershed within the PBW,
Mississippi. Simulations showed that the fields with larger areas that have soils with a high runoff
potential (hydrologic soil group C or D) resulted in higher runoff, and this condition mirrored annual
rainfall patterns. The volume of runoff exceeded the TWR ditch storage volume by roughly 110 times,
mostly during the winter and spring seasons. Therefore, these seasons offer the highest potential for
capturing excess water in the OFWS system. Results showed that the fields with larger areas also
produced the highest total nutrient and sediment loads. AnnAGNPS simulations showed that NO3–N
loads were sensitive to fertilizer application. Therefore, during years when corn and winter wheat
were planted and fertilized, NO3–N loading increased. The TP and sediment loading patterns were
similar and were influenced by the hydrological temporal conditions.

Assessment of different management scenarios indicated that planting winter wheat can benefit
water quality by reducing sediment loads and the export of TP. However, winter wheat requires
nitrogen fertilizer, which can result in higher NO3–N loads washed off by runoff. In particular, if winter
wheat is planted in the priority subwatersheds (Scenario 1), TP and sediment loads are reduced by
about 19% and 13%, respectively, at M1. Although planting winter wheat in all fields (Scenario 2) may
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not be feasible, this scenario would substantially reduce TP and sediment loads from the contributing
areas draining to M1 (TP: 3%; sediment: 24%) and M2 (TP: 63%; sediment: 45%) in the TWR ditch.
Scenario 2 also showed that 188,100 m3 of runoff can be reduced from fields draining to the TWR ditch.

Results of this study provide both stakeholders and agencies with critical information needed
to better identify where these systems can be implemented to improve water quality and relieve
pumping pressure on groundwater in the Lower Mississippi River Alluvial Valley. In addition, this
study suggests that agricultural watersheds in the MDR might produce substantial amounts of runoff,
which could be an important source of water for irrigation if properly managed. While managing
the water availability during winter and spring, nutrient reduction benefits of OFWS systems can
be maximized.
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