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Abstract: Accurate detection and quantification of vegetation dynamics and drivers of observed
climatic and anthropogenic change in space and time is fundamental for our understanding of the
atmosphere–biosphere interactions at local and global scales. This case study examined the coupled
spatial patterns of vegetation dynamics and climatic variabilities during the past three decades in the
Upper Heihe River Basin (UHRB), a complex multiple use watershed in arid northwestern China.
We apply empirical orthogonal function (EOF) and singular value decomposition (SVD) analysis
to isolate and identify the spatial patterns of satellite-derived leaf area index (LAI) and their close
relationship with the variability of an aridity index (AI = Precipitation/Potential Evapotranspiration).
Results show that UHRB has become increasingly warm and wet during the past three decades.
In general, the rise of air temperature and precipitation had a positive impact on mean LAI at the
annual scale. At the monthly scale, LAI variations had a lagged response to climate. Two major
coupled spatial change patterns explained 29% and 41% of the LAI dynamics during 1983–2000
and 2001–2010, respectively. The strongest connections between climate and LAI were found in the
southwest part of the basin prior to 2000, but they shifted towards the north central area afterwards,
suggesting that the sensitivity of LAI to climate varied over time, and that human disturbances
might play an important role in altering LAI patterns. At the basin level, the positive effects of
regional climate warming and precipitation increase as well as local ecological restoration efforts
overwhelmed the negative effects of overgrazing. The study results offer insights about the coupled
effects of climatic variability and grazing on ecosystem structure and functions at a watershed scale.
Findings from this study are useful for land managers and policy makers to make better decisions in
response to climate change in the study region.
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1. Introduction

Rebuilding the vegetation covers on degraded lands is an important component of global
efforts of restoring ecosystem functions and ecosystem services such as water supply, soil erosion
control, carbon sequestration, and biodiversity conservation in many mountain watersheds around
the world [1,2]. Accurate detection and quantification of vegetation dynamics and drivers of climatic
and anthropogenic change is fundamental for our understanding of the global atmosphere–biosphere
interactions [3–6], and is a prerequisite for the development of strategies for the sustainable
management of ecosystems [7]. This is especially critical in dry areas where arid, semi-arid, and
dry sub-humid dominate and where climate change and human interactions are believed to have the
most impacts on watershed ecosystem functions [1,3].

There is a strong signal showing that northwestern China, a region dominated by an arid
and semi-arid climate, has become warmer and wetter since the early 1980s, leading to great
changes in vegetation cover in some natural areas [8,9]. This warming and wetting climate has been
documented and has stimulated vegetation growth by extending the growing season that promotes
plant photosynthesis activities [7,8,10]. The responses of vegetation differ greatly across regions and
research scales depending on the kind of changes experienced and the specific response of regional
vegetation to those changes [11,12]. However, most of the existing research is performed at a global or
large regional level and is seldom done at a basin level [13]. The effective protection of head-water
catchments is considered to be an important aspect of the sustainable development of water resources
in western China [14,15]. In addition, headwater catchments, which are often forested/naturally
vegetated and located in mountainous regions in northwestern China, are areas with high ecological
importance such as biodiversity conservation. It is unclear how vegetation responds to climate change
in the headwater catchments of arid inland basins where eco-hydrological processes are often complex
that involve highly variable precipitation patterns, snow melting, variable evapotranspiration, and
permafrost soil hydrology [16,17]. In addition, freshwater resources are experiencing growing resource
conflicts between ecosystem demands and economic development due to human population growth
and climate change [1,18,19].

The challenges discussed above have been well demonstrated by a large research project at
the Heihe River Basin (HRB), China’s second largest inland river basin, which is facing serious
ecohydrologial problems in northwestern China. The upper HRB generates nearly 70% of the total
river runoff, which supplies irrigation water for agriculture and benefits socio-economic development
in the middle and lower HRB [20–22]. The vegetation change in the upper reach is a key factor affecting
the water balance and catchment water yield. Understanding the complex relationship between spatial
vegetation change pattern and climate in this region is important for the integrated inland river basin
management. Watershed management of large river systems such as the Heihe River requires close
co-operation within the river basin—bringing together all interests upstream and downstream and
considering the entire river as one ecosystem and periodically evaluating the ecosystem dynamics
over space and time. Therefore, timely monitoring and detecting the response of ecosystems to climate
change and other disturbances at a basin level is very important in integrated watershed management
to ensure sustainable use of natural resources.

Continuous long-term satellite-based observations provide the only suitable means for
consistently characterizing the temporal and spatial dynamics of vegetation across multiple scales.
Many previous studies have examined the vegetation response to climate change using satellite-derived
Normalized Difference Vegetation Index (NDVI) and ground-based climatic measurements [4,5,23–25].
However, vegetation index such as NDVI is easily saturated in the high vegetation coverage areas [26],
such as broadleaf forests and needle leaf forests, during the plants’ blooming period. The NDVI did
not increase with the growth of vegetation during this period. The NDVI was saturated for 2 months
in northwestern China with high-cold meadows and partly cultivated vegetation [27]. Compared with
the vegetation index, leaf area index (LAI) is an important vegetation index to represent vegetation
conditions on land surfaces. LAI has been widely used to understand the global atmosphere–biosphere
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interactions and to simulate the land surface processes in Earth System models. In contrast to NDVI,
several methods are available for LAI retrieval, being less affected by saturation [28]. However, most of
the previous studies on LAI dynamics are limited to short time series vegetation data [23,29] because
LAI time series products are less extensive than NDVI products, and long term analysis and the linking
of LAI to environmental controls is still relatively rare [4,30].

Linking vegetation change to climate and other disturbances is often challenged by the availability
of high resolution meteorological data, especially precipitation data [31]. In addition to the relatively
coarse horizontal resolution of atmospheric reanalysis data, it is difficult to reproduce the complex
terrain and surface features effectively. Long-term satellite vegetation data combined with downscaled
regional climate model data could be applied to compensate for this deficiency.

Various types of mathematical simulation models have been developed to understand
environmental controls on vegetation dynamics in recent decades. Dynamic global vegetation model
(DGVM) such as CABLE [32], CLM4 [33], ORCHIDEE [34], LPJ [35], VEGAS [36] and MC2 [37]
have been created to analyze the broad vegetation response to climate change. However, most
DGVMs simulate vegetation changes at a regional or global level, and has been rarely tested at a basin
level with such complex terrain and surface features. Simpler statistical methods such as empirical
orthogonal function (EOF) and singular value decomposition (SVD) are effective for spatial and
temporal analysis [38,39]. Both methods have been used extensively in meteorology and climatology
but their applications in regional ecological studies are rare. In this study, we applied EOF and
SVD analysis to characterize the spatial patterns of satellite-derived LAI and linked LAI variations
to climate variability and human disturbances (i.e., grazing and ecological restoration). The UHRB
is a well-studied watershed in ecohydrology in China with a grand goal to couple water resource
management and socioeconomics [1]. We took advantage of the rich databases developed for this
basin and this work represents a data synthesis effort.

We hypothesized that global warming and increase in precipitation in the UHRB have stimulated
vegetation growth which is the dominant factor for the temporal-spatial pattern change of LAI at a
basin level. Our overall goal was to synthesize long term remote sensing data and integrate these
vegetation data with high resolution climatic modeling data to understand the processes of vegetation
change under climatic variation and human pressures. The specific objectives of this case study
were: (1) to detect how climate variations in the past three decades (1983–2010) have affected the
observed changes in vegetation LAI in a typical inland river basin with very complex topography
and landscape; (2) to test the hypothesis that warming and increase in wetness climate variations has
stimulated vegetation growth and increased vegetation leaf area, and which is the dominant factor
for the temporal-spatial pattern change of LAI; and (3) to explore the implications of multiple driving
factors on vegetation change and associated ecosystem function change in a multifunctional land-use
watershed in an arid environment. The results contribute to the understanding of regional biophysical
and physiological processes under global climate change, and provide critical information to develop
methods and strategies towards sustainable development in the study basin and beyond.

2. Materials and Methods

2.1. Study Area

The Heihe River is a typical inland river in arid northwestern China that has received much
attention in recent years as a result of rapid ecological degradation, water shortages, and human
disturbance. The HRB is divided into the upper, middle and lower reaches, which differ significantly
in terms of the natural and socioeconomic characteristics of the three regions. This study focused
the upper reach of HRB (UHRB) (Figure 1) (98◦34′–101◦11′E, 37◦41′–39◦05′N) that covers an area
of approximately 10,005 km2, with an elevation ranging from 1700 m to about 5200 m. The large
topographic variations result in relatively abundant vegetation types [22]. The UHRB is administered
by Qilian County and Zhangye City extending over the provinces of Qinghai and Gansu, respectively.
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One of the tributaries, Yeniugou, is located on the southern slope of the Qilian Mountains (Figure 1)
with vertical zonality and provides much of the water supply to the Heihe River. The major vegetation
types in this basin include coniferous forest, shrub, grassland, alpine meadow and sparse alpine
vegetation (Figure 1) [40]. The long-term mean annual precipitation is between 200 mm and 700 mm
with a high seasonal variability, and nearly 60% of the total annual precipitation falls in the summer
months from June to September. The mean air temperature decreases from about 6.2 ◦C at low
elevations to−9.6 ◦C at high elevations. In addition to the obvious vertical zonality, horizontal zonality
also exists due to precipitation and air temperature gradients from the south to the north and from
the east to the west of the basin [41]. Generally, precipitation decreases from the east to the west
and increases from the north to the south but the temperature gradient is reversed. In the past three
decades, the observed temperature and precipitation show an increasing trend in most areas of the
UHRB (Figure S1, Supplementary Material). There are only four meteorological observation stations
unevenly distributed around the UHRB (Figure 1) with very complex topographies and landscapes.

 

Figure 1. Location and vegetation in the upper reach of Heihe River Basin (The left picture of Yeniugou
was taken by Shangguan DH and used with his permission).

2.2. LAI Dataset

In this study, satellite-derived Global Land Surface Satellite (GLASS) LAI datasets were used
to assess vegetation growth during the last three decades. The GLASS LAI product (version 3.0) is
available from Beijing Normal University (BNU) [42] using an Integerized Sinusoidal (ISIN) projection.
The GLASS LAI product is generated from MODIS and AVHRR time-series reflectance data using
general regression neural networks (GRNN) [43,44]. The temporal resolution of this dataset is 8 days.
From 1982 to 2000, the LAI product is generated from LTDR AVHRR reflectance data with a geographic
latitude/longitude projection at a spatial resolution of 0.05◦ (about 5 km at the Equator). From 2000
to 2012, the GLASS LAI product is derived from MODIS surface-reflectance data with a sinusoidal
projection at a spatial resolution of 1 km. Extensive validation on LAI accuracy has been done to make
sure the temporally and spatially continuous fields of LAI are reasonable, and the existing results
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show that the proposed algorithm can obtain a smooth and continuous time series on the LAI during
1982–2012 [44]. The GLASS LAI products derived from MODIS and AVHRR reflectance data represent
a consistent data set at a spatial resolution of 0.05◦. Comparisons of the GLASS LAI product with the
MOD15 and GEOV1 LAI products indicate that these LAI products are generally consistent in their
spatial patterns. The global consistency of these LAI products is considered sufficient for ecological
studies in most situations, particularly for characterizing grasses/cereal crops and shrubs. Temporal
consistency analysis shows that the temporal profiles of all these LAI products are consistent in terms
of seasonal variations [45].

The vegetation dynamics were examined for two separate periods: 1983–2000 and 2001–2010,
respectively, for the following reasons. First, the resolution of satellite-derived LAI data during the two
periods is different (~5 km and 1 km, respectively). Second, the year of 2001 is considered a change
point when a series of ecological restoration policies and an ecological protection project in the UHRB
were launched and implemented which affect vegetation cover.

2.3. Climate and Aridity Index Data

The monthly or annual meteorological aridity index is defined as AI = P/PET, where P and PET
are precipitation and potential evapotranspiration, respectively. This AI is a variant of the dryness
index originally defined by Budyko [46]. Previous studies suggest that the radiation-based PET method
is more appropriate to quantify PET and water balances as pointed out by Kingston et al. [47], and the
PET choice is especially critical for humid, energy-limited regions. However, we do not have access to
radiation and wind speed data in this study to apply the Penman-Monteith method for a long-period
(1983–2010). We assume that actual water loss in the arid regions is dominated by precipitation and
thus the absolute value of PET is not critical to characterizing aridity, so we chose a temperature-based,
simpler method to calculate PET. Hamon PET method offers a comparable estimate of potential ET as
other more data-demanding methods such as the Penman-Monteith model [48,49]. Therefore, PET was
estimated using the Hamon method [50] as a function of saturation vapor pressure (a function of air
temperature) weighted by daytime length and inversely proportional to air temperature. The climate
was then classified into four types based on AI: arid (AI ≤ 0.2), semi-arid (0.2 < AI ≤ 0.5), sub-humid
(0.5 < AI ≤ 1.3), and humid (AI > 1.3) [51] (Figure S2, Supplementary Material).

The climatic data used to calculate AI were created from a regional climate modeling project using
the Regional Integrated Environmental Model System (RIEMS 2.0) [31]. The regional simulation was
conducted over the period of 1980–2010 with a horizontal spatial resolution of 3 km. The climate model
was parameterized with local information, including soil hydrological properties, and recalibrated
based on observations and remote sensing data over the HRB. The model evaluation indicated that
the model was able to reproduce the spatial pattern and seasonal cycle of precipitation and air
temperature. The correlation coefficients between the simulated and observed pentad precipitation
were 0.81 in the UHRB regions (p < 0.01) [31]. A high-resolution RCM based on the RIEMS 2.0 [52,53]
was used for the HRB. It included the dynamical core of no-hydrostatic version of MM5, the
Biosphere-Atmosphere Transfer Scheme (BATS) [54] for surface process representation, cumulus
convective parameterization [55,56], and the radiative transfer scheme of the Community Climate
Model version 3 (CCM3) [57]. The key parameters of land surface model were recalibrated using
the station observational and remote-sensed datasets in the HRB. Various observation datasets
were used for model validation. For this study, daily precipitation has been validated against
16 meteorological observation station datasets over the HRB. Global monthly gridded climate data
(World-Clim; http://www.worldclim.org) for precipitation averaged over the period 1950–2000 were
also evaluated against the RIEMS results [31].

2.4. EOF and SVD Analysis

The empirical orthogonal function (EOF) analysis is widely used to study possible spatial modes
(i.e., patterns) of variability and how they change with time. A fundamental advantage of the

http://www.worldclim.org


Remote Sens. 2016, 8, 1032 6 of 23

EOF-based method is to reconstruct the original data by minimizing the noise and the gaps [58].
The singular value decomposition (SVD) analysis is another well-known statistical method [38,39].
SVD is similar to EOF analysis, but, it can be used to detect changes of two variables simultaneously
and is capable of identifying spatial patterns of one variable and its relationship to the other one [59–61].
The SVD isolates coupled modes of spatial patterns and their associated time expansion coefficients
that explain the maximal temporal covariance between two fields.

In this study, we used AI and satellite-derived LAI to conduct the correlation analysis of
vegetation and climate. The EOF analysis was first applied to isolate the main patterns of spatial
and temporal variability of AI and LAI and to identify significant coherent behaviors of AI and LAI
over the watershed. We used monthly and annual SVD to identify the coupling between spatial
patterns of LAI and the variability of aridity index (AI) during the two periods of 1983–2000 and
2001–2010, respectively.

In EOF and SVD analysis, the values at every other grid point within the basin were used.
The original series of LAI or AI variables at grids were first converted to a monthly/yearly series,
which consisted of 216/18 samples for 1983–2000, and 120/10 samples for 2001–2010. The new series
was further normalized by subtracting mean from each value and divided by the standard deviation
over the samples. The normalized LAI and AI were used for individual analysis by EOF and were
paired as left and right fields for SVD analysis. We defined the areas with an absolute minimum value
of correlation coefficient passing a 90% confidence level as highly sensitive regions in SVD analysis.

3. Results

3.1. EOF Patterns of Annual AI

The first pattern of AI accounts for about 77% of the total variance, the second pattern explains
only 8.3% (Table 1). Therefore, the first pattern reflects the general dry and humid spatial patterns of
the basin. In addition, the first pattern is dominated by one negative anomaly over the entire basin
during the period of 1983–2010, which indicates that the whole basin showed consistent dry or humid
variation in general during the last 30 years. The maximum negative value region for the first pattern
is located in the southwest of the basin (Figure 2a), implying that the AI dynamic in this region is most
sensitive and the annual AI trend in the whole basin is dominated by that of the southwest.

Table 1. Percentage of variance explained by the eigenvectors using empirical orthogonal function
(EOF) expansion of aridity index (AI).

Periods Parameters Mode 1 Mode 2

1983–2010
V 1 77.0% 8.3%

CV 2 77.0% 85.3%
1 Variance and 2 Cumulative variance.

The coefficient time series are frequently used to indicate the variance assigned to each EOF.
The coefficient time series of the first two EOFs can be found in Figure 2b,d. The values of coefficient
time series are proportional to the variance explained by each EOF. The positive values of the first EOF
coefficient time series generally indicate drought events, which is also coincident with the drought
events observed in this basin, such as in 1986 and 1994. On the contrary, the negative values of the
first EOF coefficient time series indicate humid situations. Both the first and second temporal series
show a large inter-annual variability, but only the first one shows a linear decreasing trend (Figure 2b),
suggesting that the basin is getting wetter, especially in the southwest of the basin. A remarkable
feature is the clear change taking place in 1997, showing positive values till 1997 followed by negative
values, which indicate that the entire basin becomes wetter after 1997 (Figure 2b). Overall, the first
pattern and its decreasing temporal series clearly reveals the drought situation has been eased during
the past three decades and the entire basin becomes wetter after 1997.
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The spatial distribution of the second pattern exhibits positive and negative anomalies occurring
in northwest or southeast pairs (Figure 2c). However, the temporal series of the second mode shows
no obvious trend (Figure 2d), indicating that, in addition to the general consistent spatial pattern 1,
the UHRB shows regional opposite spatial characteristics. However, these patterns do not show
obvious trends.Figure 2 

(a) (b) 

(c) (d) 

Figure 2. Empirical orthogonal function (EOF) of annual aridity index (AI) during 1983–2010 (a) Mode 1;
(b) Temporal series of Mode 1; (c) Mode 2; and (d) Temporal series of Mode 2.

3.2. EOF Patterns of Annual LAI

The first four EOF and modes represent the major LAI patterns (Table 2). Total LAI change is
composed of the first pattern that represents general mean change in LAI and other patterns which
reflect regional differences in LAI dynamics.

Table 2. Percentage of variance explained by the eigenvectors using EOF expansion of leaf area
index (LAI).

Periods Parameters Mode 1 Mode 2 Mode 3 Mode 4

1983–2000
V 1 26.0% 15.2% 8.0% 6.4%

CV 2 26.0% 41.2% 49.2% 55.6%

2001–2010
V 1 35.9% 13.8% 11.2% 8.8%

CV 2 35.9% 49.7% 60.9% 69.7%
1 Variance and 2 Cumulative variance.

3.2.1. General Spatial Characteristics

During the first period of 1983–2000, the values of the first pattern that represents the general
change of LAI over time throughout the basin are almost all negative and account for 26.0% of the total
variance and higher than variance explained by any of the other individual patterns (Table 2, Figure 3a).
All values in the first pattern (Figure 3a) are negative, which indicate that the vegetation LAI change
in this basin has a spatial consistency, i.e., the LAI throughout the entire basin is either improved,
or worsened. The maximum negative value region for the first pattern is located in the southwest of
the basin (Figure 3a), implying that the LAI dynamics in this region are most sensitive and that the
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annual vegetation LAI trend in the whole basin is dominated by that pattern in the southwestern part
of the basin.

The first pattern during the period of 2001–2010 shows almost all positive values and accounts for
36% of the total variance, which indicates that the vegetation LAI change has a spatial consistency too
in the basin level during this period (Figure 4a, Table 2). However, the highly sensitive regions for the
first eigenvector shift to the north central part of the basin (Figure 4a).

The negative values of the first LAI EOF coefficient time series generally indicate LAI improved
and positive values worsened. Combining the spatial patterns with their temporal series during the
period of 1983–2000, we can see that LAI has a similar trend to AI, i.e., both the first and second
temporal series show a large inter-annual variability, but only the temporal series of the first pattern
shows a linearly decreasing trend (Figure 3b,d), suggesting that the averaged LAI is increasing,
especially in the southwest region of the basin. During the period of 1983–2000, however, the averaged
LAI values also show an increasing trend, but the highly sensitive area shifts to the north central region
of the basin (Figure 4b).Figure 3

(a) (b)

(c) (d)

Figure 3. EOF of annual LAI during 1983–2000 (a) Mode 1; (b) Temporal series of Mode 1; (c) Mode 2;
and (d) Temporal series of Mode 2.

Figure 4

(a) (b)

(c) (d)

Figure 4. Cont.
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Figure 4

(a) (b)

(c) (d)

Figure 4. EOF of annual LAI during 2001–2010 (a) Mode 1; (b) Temporal series of Mode 1; (c) Mode 2;
and (d) Temporal series of Mode 2.

3.2.2. Regional Spatial Characteristics

The second pattern accounts for 15.2% of the total variance for the first period of 1983–2000 and
13.8% for the period of 2001–2010, which accounts for most of the regional difference observed in the
LAI change (Table 2). The second pattern for the two periods both show opposite spatial distribution,
which indicated that in addition to the general consistent spatial pattern, the UHRB also has regional
opposite spatial characteristics (Figures 3c and 4c). The spatial distribution of the third pattern shows a
similar opposite pattern with the different increasing and decreasing regions (Figure S3, Supplementary
Material). The temporal series of the second (Figures 3d and 4d) and the third pattern (Figure S3,
Supplementary Material), show no obvious trend, suggesting that the averaged LAI for these regional
patterns has an inter-annual variability and shows no obvious trend.

3.3. SVD Coupling Patterns

3.3.1. Annual Patterns of 1983–2000

The squared covariance function of the first SVD pattern (SCF1) is greater than 85% (Table 3).
The accumulated SCFs (CSCF) are greater than 90% for the first two patterns (CSCF2). The time series
ak for LAI and bk for AI are in good agreement with the correlation coefficients rk of 0.72 and 0.74
(p < 0.001) for the first two patterns. The contributions of the left SVD patterns to the LAI variance,
CLAI, are larger for the first mode (17.5%) than the second mode (11.3%). The contributions are about
30% from the first two patterns (Table 3), indicating that about 30% of LAI variance is explained by the
first two coupled SVD patterns.

The left heterogeneous correlation coefficient between LAI and AI for the first pattern, denoted
here as rleft,LAI,1, reflects the relationship of temporal AI variations with spatial anomalies of LAI, and
rright,AI,1 reflects the relationship of temporal LAI variations with AI spatial anomalies for the period of
1983–2000. The rleft,LAI,1 is negative in the southwest basin, and positive in the north and east basin
(Figure 5a). The highly sensitive regions of rleft,LAI,1, where the absolute value of the correlation is
greater than 0.4 (p < 0.1), are found in the western and southern parts of the basin. The absolute
correlation value over 0.47 (p < 0.05) occurs in Yeniugou. The rright,AI,1 is negative across the whole
basin (Figure 5c), which means the whole basin is highly sensitive with the absolute maximum values
of the correlation coefficient all greater than 0.47 (p < 0.05).

Combining with the temporal series of the expansion coefficients, the analysis suggests that the
whole basin is getting wetter (AI is getting larger), LAI decreases in the north and east part of the basin
(p > 0.1), increases in the southwestern basin (p > 0.1), and increases significantly in the southwestern
part of Yeniugou (p < 0.1) (Figure 5a,c,e).

rleft,LAI,2, the left heterogeneous correlation coefficient between LAI and AI for the second SVD
mode, is negative in the north and west and positive in east and south regions (Figure 5b), consistent
with rright,AI,2 (Figure 5d).
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Table 3. Annual SVD statistics for the two leading modes of LAI and AI.

Periods Modes σ 1 SCF 2 CSCF 3 CLAI
4 R 5

1983–2000
1 257.8 85.8 85.8 17.5 0.72
2 61.4 4.9 90.7 11.3 0.74

2001–2010
1 337.5 80.9 80.9 31.1 0.83
2 106.1 8.0 88.9 10.0 0.89

1 Singular value; 2 Squared covariance function; 3 Cumulative squared covariance; 4 Contribution of left SVD
pattern to the variance of left field; and 5 Correlation between the left and right SVD time series , respectively.
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(a) rleft,LAI,1; (b) rleft,LAI,2; (c) rright,AI,1; (d) rright,AI,2 SVD modes; (e) Temporal series of Mode 1; and
(f) Temporal series of Mode 2 during 1983–2000. The absolute minimum value of correlation coefficient
passing 90%, 95%, and 99% confidence levels are 0.40, 0.47, and 0.59, respectively. The red circles areas
are highly sensitive regions passing the 90% confidence level.

3.3.2. Annual Patterns for the 2001–2010

The squared covariance function of the first SVD mode (SCF1) is greater than 80% (Table 3).
The accumulated SCFs (CSCF) is nearly 90% for the first two modes (CSCF2) and 93% for the first three
modes (CSCF3). The time series ak for LAI and bk for AI are in good agreement, with the correlation
coefficients rk of 0.83 (p < 0.01), 0.89, and 0.94 (p < 0.001) for the first three modes.
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The contributions of the left SVD patterns to the LAI variance, CLAI, are much larger for the first
mode (31%) than the second mode (10%) (Table 3). The contributions are about 40% from the first two
patterns, and about 50% from the first three patterns. This means that about 40% of LAI variance can
be explained by the first two coupled SVD patterns and another about 10% by the third patterns.

The left heterogeneous correlation coefficient between LAI and AI for the first pattern, denoted
here as Rleft,LAI,1, reflects the relationship of temporal AI variations with LAI spatial anomalies, and
Rright,AI,1 reflects the relationship of temporal LAI variations with AI spatial anomalies for the period
of 2001–2010.

Different from the first stage, Rleft,LAI,1 and Rright,AI,1 are both positive across most part of the basin
(Figure 6a,c). The high sensitive regions of Rleft,LAI,1, where the absolute value of the correlation is
greater than 0.55 (p < 0.1), are found in the north central basin, including the northern and central parts
of Sunan and the northeastern part of Yeniugou. The highly sensitive regions of Rright,AI,1 are found
in the west and central basin, in which Yeniugou is the most sensitive region with a higher absolute
correlation of 0.77 (p < 0.01).

Figure 6 
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(e) (f) 

Figure 6 

(a) (b) 

(c) (d) 

(e) (f) 

Figure 6. Left and right heterogeneous correlation coefficients between LAI and AI for the first
(a) Rleft,LAI,1; (b) Rleft,LAI,2; (c) Rright,AI,1; (d) Rright,AI,2 SVD modes; (e) Temporal series of Mode 1; and
(f) Temporal series of Mode 2 during 2001–2010. The absolute minimum value of correlation coefficient
passing 90%, 95%, and 99% confidence levels are 0.55, 0.63, and 0.77, respectively. Areas with red
outlines represent sensitive regions passing the 90% confidence level.
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Combining with the temporal series (expansion coefficients) (Figure 6e), we can see that as the
central and west basin becomes humid (AI is getting larger) (p < 0.1), the vegetation LAI in the north
central basin becomes more sensitive to the humid climate and increases significantly (p < 0.1), while
most of other regions show an insignificant increase in LAI. As shown before, there is similarity
between the SVD patterns of the two fields and their individual EOF patterns.

Rleft,LAI,2, the left heterogeneous correlation coefficient between LAI and AI for the second SVD
mode, is negative in the south central basin and positive in the western, eastern and northern parts
of the basin (Figure 6b). Combining with the temporal series (Figure 6f), we can see that the LAI
decreases with drying in the eastern region, while it decreases in the northern and western regions as
DI becomes humid (Figure 6b,d,f).

3.3.3. Monthly Patterns

The first monthly SVD mode has a similar pattern to the annual patterns (Figures 7 and 8)
but identifies larger sensitive regions in the southwest of the basin during the period of 1983–2000.
The correlations for the expansion coefficient series with the first monthly SVD modes are smaller than
those with the first annual SVD modes (Table 4), but all pass the 99.9% confidence level. In addition,
different from the synchronized change of AI and LAI with the first annual SVD mode, the variations
in both frequency and amplitude of AI are greater than that of LAI with the first monthly SVD modes
(Figures 7c and 8c).

Table 4. Monthly SVD statistics for the two leading modes of LAI and AI.

Periods Modes σ 1 SCF 2 CSCF 3 CLAI
4 R 5

1983–2000
1 135.5 91.0 91.0 16.2 0.39
2 24.9 3.1 94.0 6.1 0.41
3 18.1 1.6 95.6 4.6 0.59

2001–2010
1 117.7 80.7 80.7 17.1 0.36
2 41.5 10.0 90.7 4.8 0.55
3 22.1 2.9 93.6 5.3 0.49

1 Singular value; 2 Squared covariance function; 3 Cumulative squared covariance; 4 Contribution of left SVD
pattern to the variance of left field; and 5 Correlation between the left and right SVD time series, respectively.
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respectively. The red circle areas are highly sensitive regions passing the 95% confidence level.

Comparing both annual and monthly SVD patterns during the two periods of 1983–2000 and
2001–2010, the first two leading SVD patterns depend on AI values and have a cumulative squared
covariance of about 90% (Tables 3 and 4). Therefore, the first two patterns can represent the total
variances of annual and monthly LAI anomalies well.

The northeastern and southwestern parts of the basin have opposite annual LAI anomalies in
1983–2000 as indicated by the first leading spatial pattern, but almost identical annual and monthly
LAI anomalies across the basin in the late stage of 2001–2010. The most sensitive regions, where the
correlations between AI time series and LAI field are statistically significant at the 90% confidence
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level or higher, are found mainly in the southwestern part of the basin for the first SVD pattern in the
early stage, but in the central north of the basin in the late stage (Figures 5–8).

The strongest connections occur in the southwestern region before 2000 but afterwards shift to the
north central areas with extensive anomalies in the SVD pattern. This suggests that the southwestern
region (Yeniugou) and the north central region (Sunan) are the two key regions with high sensitivity
of LAI to AI. Before 2000, the highly sensitive region of LAI to the warm and humid climate is
located in southwestern region with significant vegetation improvement (p < 0.1). After 2000, however,
the vegetation LAI in the north central basin becomes more sensitive to the climate and increases
significantly (p < 0.1), while that in the southwestern region shows no obvious increases or even
decreases with a significantly warm and humid climate.

During 1983–2000, correlation coefficients with a one month time lag in LAI between monthly
SVD expansion series with the second and third SVD mode are 0.43 (p < 0.001) and 0.70 (p < 0.001)
respectively, higher than that ignoring the time-lag effects of 0.41 and 0.59 (Figure 9a, Table 4). During
2001–2010, correlation coefficients with the first and third SVD mode are 0.37 (p < 0.001) and 0.57
(p < 0.001) respectively (Figure 9b), also higher than that of the original coefficients of 0.36 and 0.49
(Table 4). However, there is no significant difference between the time-lag correlation coefficients and
the original one. This suggests that the LAI is not only determined by climatic factor (AI) within the
current month, but also the previous month, i.e., AI could affect the subsequent LAI at monthly scales.
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3.4. Grazing History

The livestock numbers in Sunan show a decreasing trend during the past three decades
(Figure 10a), while that in Yeniugou shows an increasing trend with a sharp increase in 2004 due to
local policy implementation focused on developing animal husbandry (Figure 10b).Figure 10
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Figure 10. The total livestock numbers in Sunan (1982–2006) and Yeniugou (1983–2010). The total
numbers are equivalent to sheep units (SU) where one horse is 6 SU, one cattle is 5 SU, and one goat
is 0.8 SU, according to Zhang and Liu [62]. The data is calculated based on Census of Haibei and
Zhangye Prefecture.
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The LAI in the growing season has significantly positive correlations with mean minimum
temperature and precipitation (R = 0.55, p = 0.01, and R = 0.50, p = 0.025, respectively), but weak
negative correlations with overgrazing rate (R = −0.32, p = 0.16) at the basin scale during 1983–2010
(Figure 11).

Figure 11 

(a) (b) 

(c) (d) 

Figure 11. Correlations between basin-level LAI and (a) Precipitation (P); (b) Mean temperature
(TAVG); (c) Mean minimum temperature (TMIN); and (d) Over grazing rate (G) in the growing season
(May–September) over 1983–2010. The meteorological data was obtained from observed meteorological
stations, and the over grazing rate data was obtained from publication [63].

4. Discussion

4.1. Effects of AI on the Increase in Vegetation LAI

At regional and continental scales, many studies based on satellite-derived data have established
relationships between temporal and spatial changes in vegetation dynamics and climate change
and variability [64–68]. For example, the mechanisms for the relationships of vegetation and climate
warming in the Qinghai Tibet plateau have been extensively investigated. A warming climate is a major
controlling factor for vegetation LAI improvement, especially during the growing season on Qinghai
Tibet plateau [4]. Previous studies suggested that this warming has stimulated vegetation growth
both through extending the growing season [69,70] and through promoting summer photosynthesis,
particularly in energy-limited regions [4,71]. Moreover, the fertilization effects of rising atmospheric
CO2 concentration and atmospheric nitrogen (N) deposition have also been considered as possible
drivers for greening [4]. The strong connections between AI and LAI with extensive anomalies in the
SVD pattern found in our study (Figures 5–8, Tables 3 and 4) supported our hypothesis that a warmer
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and wetter climate has promoted vegetation growth and increased vegetation leaf area at a basin level.
Thus, our study explained the observed increase in LAI. The areas most sensitive to drought-to-humid
shifts are mainly located in the sub-humid climate zone, (i.e., northern and western parts of the basin)
(Figure S2a, Supplementary Material), especially during the recent decade with significant warming
and wetting (Figures 4a,b and 6a,c). This is largely due to the differences in major climate limiting
factors (i.e., precipitation or temperature) and the threshold for vegetation growth in the humid and
sub-humid climatic zones, respectively [69].

The time-lag effects found in this study are important for better predicting and evaluating the
vegetation dynamics under global climate change [72]. Wu et al. [72] found that the time lag of NDVI
to precipitation in arid and semi-arid areas is approximately 1 month, but does not exhibit time-lag
effects to temperature. Research in Kansas, USA, also demonstrated that the time-lag of grassland
ecosystems to precipitation was 1 month [73]. Our findings are partially consistent with previous
studies. The results show that the vegetation LAI exhibits a 1 month time-lag effect to AI, but no
time-lag effects to AI at annual scale, which indicates that the LAI in the UHRB is not only determined
by climatic factor (AI) within the current month, but also the previous month. The climatic influence
on the vegetation LAI has a scale-effect, and the response of LAI to AI is diverse at different time scales.

4.2. Potential Extreme Climate Effect on LAI

A key feature of current climate change is the increasing frequency of extreme climate events,
particularly droughts [74]. Evidence exists that extreme climate events impact a broad range of
ecosystems [75–77]. Moreover, according to IPCC climate models, it is likely that such extreme events
will become more frequent and more intense in the future, although there is considerable uncertainty
in climate model predictions [64]. The increase in temperatures on the Qinghai Tibet plateau has been
much greater than other regions of the world in recent decades [78,79], and there may be a trend
with more warming in the future, but uncertainty in precipitation [10,80]. Recent observational and
experimental studies have highlighted the potential for warmer temperatures to compound the effects
of severe drought events and exacerbate regional vegetation stress [81–83].

During the past three decades, although the warming and improved water conditions, as well
as ecological restoration policies in the UHRB have caused a significant increase in vegetation LAI,
regional grassland degradation due to intensive overgrazing is still very common. The potential
increasing frequency of extreme climate events, particularly droughts, could aggravate the negative
effect of overgrazing on the vegetation. Therefore, understanding the consequences of the increased
incidence of extreme climatic events on ecosystems is emerging as one of the grand challenges for
global change scientists [75,84].

4.3. Other Factors Affecting LAI

Our results show that the vegetation in the southwestern part (Yeniugou) of the basin was
significantly improved with the increasing air temperature and precipitation prior to the year 2000, but
there was no significant improvement afterwards under similar climate conditions. On the contrary,
after 2000, there was a decline in LAI in the southern part of Yeniugou, the source of the Heihe River
(Figures 5–8). This complex spatial and temporal pattern indicates that the driving factors of LAI are
spatially variable. The role of the increases in AI for stimulating LAI might have masked the potential
decreases due to grazing in the overall spatially averaged LAI at the basin scale due to other factors. In
recent decades, although a series of ecological restoration policies and ecological protection projects
have been implemented in this region, intensive overgrazing (Figures 10 and 11), as well as gold
mining, herb-medicine harvesting, and damages caused by plateau pikas (Ochotona curzoniae) [85,86]
have been intensified contributing to vegetation deterioration [62]. In addition, the significant increase
in temperature also resulted in accelerated permafrost thawing and glacier retreat [87], which might
have caused and exacerbated the degradation of alpine grassland [88] and wetlands [89].
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On the other hand, the vegetation LAI values show decreases in the north central region (Sunan)
as the whole basin is getting wetter in the early stage, but becoming more sensitive to the increasingly
wetter climate in the late period (Figures 5–8), suggesting a significant improvement in vegetation.
Sunan is one of the important grazing counties in Zhangye City. Overgrazing leads to severe grassland
deterioration in this region [90] (Figure 10a). Since 2000, the Chinese government is investing 2.35
billion RMB to implement ecological restoration policies in Heihe River basin. Previous studies
have concluded that human activities such as afforestation and grazing exclusion management can
potentially contribute to the satellite-observed greening of China’s vegetation over the last three
decades [4,62,63,91,92]. Therefore, grazing exclusion and afforestation may contribute to the significant
improvement in local vegetation cover in the late stage.

4.4. Regional Implications

Previous comprehensive regional studies [7,23,25,69] report a general greening trend in
northwestern China and have attributed the trend to the positive effects of a warming climate.
However, the vegetation responses to climate differ across regions depending on many kinds of
changes experienced and the specific response of regional vegetation to those changes including both
climate and human activities. For example, land management practices such as grazing may mask
climate effects while periodic droughts may mask the positive effects of ecological restoration in some
areas. The present watershed-level study advances our understanding of the processes of climatic and
human disturbances to vegetation. The research method using long term satellite-derived leaf area
index (LAI) datasets and downscaling regional climate gridded data series is well equipped to study
long term patterns.

Study results have important environmental implications for mountainous basins in China
and elsewhere with a similar environment such as the Eurasia highlands [3]. Our findings provide
additional information on the effectiveness of the recent massive afforestation and ecological restoration
campaigns in this region. The study results can also provide data to improve process-based dynamic
vegetation models. Further analysis identifying and quantifying the contributions of each factor by
applying optimized regional dynamic vegetation models, structural equation models or other methods
may be valuable for improving our understanding of the roles of multi-impact factors in LAI.

4.5. Uncertainties

The GLASS LAI dataset is based on different sensors: AVHRR from 1982 to 1999 and MODIS
from 2000 to 2013. So, the consistency of the two dataset and their validation are very important.
Xiao et al. [45] recently examined the consistency between the GLASS LAI products derived from
AVHRR and those from MODIS data for the period of 1982–2012. According to Xiao et al., to assess
spatial and temporal consistencies between the LAI values, both datasets were re-projected and were
aggregated to a resolution of 0.05◦ using a spatial-average method [45]. LAI profiles from 1982 to 2012
over several sites with different land-cover types were analyzed to check the temporal consistency
of the GLASS LAI values derived from MODIS and AVHRR reflectance data. Direct validation
with the mean values of high resolution LAI maps demonstrates that the GLASS LAI values were
closer to the mean values of the high-resolution LAI maps (the root mean square error RMSE = 0.79,
the coefficient of determination R2 = 0.81) than the GEOV1 LAI values (RMSE = 0.91, R2 = 0.79)
and the MOD15 LAI values (RMSE = 1.12, R2 = 0.67) [45]. The validation of LAI products with
ground measurements, however, was limited. Most ground-based validation has been conducted since
2000 [93]. Liang et al. [94] also indicated that the GLASS product is of higher quality and accuracy
than the existing products, and in particular, it has much longer time series, and is therefore highly
suitable for various environmental studies.

On the other hand, the SVD analysis method can effectively reduce the error of the LAI data in
this study. The SVD method has the ability to identify the most relevant parts of the two from the
changes in LAI and AI. Although GLASS LAI data contains errors, these errors are not necessarily
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linked to the inter-annual variation in climate. It can be proved that if random errors were added
artificially to the LAI data, the final analysis results will not be significantly different [95]. Therefore,
it is concluded that the influence of LAI error on the analysis results of this paper should be very small,
which does not affect the conclusion of this study.

Generally, for most temporal and spatial analysis methods such as EOF, the accuracies often
depend on the amount of spatial samples. Studies using data sets with different sample sizes often
have different conclusions. In this study, we used both EOF and SVD for temporal and spatial analysis.
As shown before, there is a similarity between the SVD patterns of the two fields and their individual
EOF patterns. In addition, comparing SVD patterns at both annual and monthly scales, the leading
SVD modes have similar patterns (Figures 5–8) and a cumulative squared covariance of about 90%
(Tables 3 and 4). This indicates that the results obtained by SVD are stable. The strong correlation
between LAI and AI does not change with variations in spatial sample size.

A reliable simulation of the land-atmospheric processes is essential to understanding the
importance of spatial patterns of vegetation connected to the climate. As in other climate models,
precipitation data from the regional climate model adopted have great uncertainties, which certainly
would affect our assessment results. In this study, the simulated precipitation in the UHRB was
closer to the observational data because key parameters within the land surface process that affect
the energy and water balance were recalibrated [31]. At the same time, it should be pointed out
that bias of precipitation in the UHRB is larger than that in other regions of the HRB. Continuous
efforts in developing parameterizations of precipitation are critical to enhancing our understanding of
atmospheric and vegetation processes.

5. Conclusions

This work offers an effective integrated approach to detect the coupled spatial patterns of
vegetation dynamics and climate variations during the past three decades in a multifunctional land-use
watershed. Long-term remote sensing derived LAI data, downscaled climatic data created from a
regional climate modeling, and advanced statistical methods (EOF, SVD analysis) were adapted in
this study. The continuous long-term Earth Observation (EO) satellite data provide temporally and
spatially consistent data analysis across multiple scales [6], as well as an effective way to combine it
with SVD analysis and regional climate models for the assessment and monitoring of environmental
changes in multifunctional land-use watersheds with very complex topography and landscapes.

The spatial and temporal variations of LAI patterns of the study basin are explained by the
coupling patterns of LAI and the variability of the aridity index (AI). During the past three decades,
the study area has become wetter resulting in an increase in LAI as a whole. Climate (AI) could
affect LAI at a monthly scale with a time lag, suggesting that climatic influence on vegetation LAI has
a scale-effect.

We also found that the spatial change patterns of LAI in a watershed shifted over time. These
complex spatial and temporal patterns indicate that the driving factors of LAI are very complex in
this basin. Climate change and variability (i.e., increase in AI) appear to be primarily responsible
for the LAI improvement throughout the basin, and the effect of drought-to-humid shifts on LAI
mainly depends on climate zones. Human disturbances such as ecological restoration policies and
intensive overgrazing may differ among the various sub-regions and also contribute to local LAI
variations. Overall, at the basin level, the general positive effects of climate warming and precipitation
as well as local ecological restoration efforts overwhelmed the negative effects of overgrazing. In a
particular climate zone, human activities can magnify or reduce the risk of present and future drought
on vegetation in the context of global warming.

Minimizing and mitigating the negative impacts from climate change and human disturbances
and maintaining ecosystem sustainability requires an integrated watershed management approach
that involves careful basin planning [1,3], landscape design [96], and grazing management [83,97].
Future studies should focus on understanding the biophysical processes that affect LAI of ecosystems
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in a complex terrain. Methods (EOF and SVD) developed from this case study should be tested in a
similar region to further improve their applicability.

Supplementary Materials: The following are available online at www.mdpi.com/2072-4292/8/12/1032/s1,
Figure S1: Air temperature anomaly (◦C, red lines) and precipitation anomaly percentage (%, grey bars) in four
meteorological stations (a) Tuole; (b) Yeniugou; (c) Zhangye; and (d) Qilian (Figure 1 showed the locations of the
four stations); Figure S2: Mean annual AI during (a) 1983–2000; and (b) 2001–2010; and Figure S3: EOF of annual
LAI (a) Mode 3; (b) Temporal series of Mode 3 during 1983–2000; (c) Mode 3; and (d) Temporal series of Mode 3
during 2001–2010.
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