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A B S T R A C T   

In this study, we calibrated and tested the Soil Conservation Service Curve Number (SCS-CN) based Modified 
Sahu-Mishra-Eldo (MSME) model for predicting storm event direct runoff (Qtot) and its soil saturation coefficient 
α as a threshold antecedent moisture condition for partitioning into overland surface and shallow subsurface 
runoff components. The model calibration was performed using 36 storm events from 2008 to 2015 on a 160-ha 
low-gradient forested watershed (WS80) on poorly drained soil. The model was further validated without cali-
bration using data from 2011 to 2015 on two sites [115 ha (Conifer) and 210 ha (Eccles Church)] and from 2008 
to 2011 on a third site, the 100-ha Upper Debidue Creek (UDC), all similar forested watersheds on the Atlantic 
Coastal Plain, USA. The calibrated MSME model was able to accurately predict the estimated Qtot_pred for the 
WS80 watershed, with calculated Nash-Sutcliffe efficiency coefficient (NSE), RMSE-standard deviation ratio 
(RSR), and percent bias (PBIAS) of 0.80, 0.44, and 16.7%, respectively. By applying the same calibrated α value 
of 0.639 from the WS80 to two other similar poorly drained watersheds, the MSME model satisfactorily predicted 
the estimated Qtot_pred for both the Eccles Church (NSE = 0.64; RSR = 0.57; PBIAS = 28.9%) and Conifer 
(NSE = 0.60; RSR = 0.58; PBIAS = 21.3%) watersheds, respectively. The MSME model, however, yielded un-
satisfactory results (NSE = -0.13, RSR = 2.06, PBIAS = 616.3%) on the UDC watershed with coarse-textured 
soils, indicating the possible association of the α coefficient with soil subsurface texture. Based on the analysis 
of event rainfall and pre-event water table elevation, and linking them with the calibrated α coefficient that 
describes the proportion of saturated depth in a soil profile, it was found that rainfall was the main determining 
factor for overland runoff generation. These results demonstrate the MSME model’s potential to predict direct 
runoff in poorly drained forested watersheds, which serve as a reference for urbanizing coastal landscapes in a 
changing climate.   

1. Introduction 

Runoff and streamflow processes in topographically low-gradient 
coastal watersheds are dominated by shallow subsurface drainage 
from saturated areas and saturation excess overland surface runoff that 
occurs when a shallow water table (WT) is present (Amatya et al., 2019; 
Epps et al., 2013a; Slattery et al., 2006). These low-gradient watershed 
areas, generally located along the Atlantic and Gulf Coastal plain regions 

in the U.S., are rapidly being developed and urbanized. 
Baseline reference data on storm runoff characteristics of unimpaired 

watersheds are crucial for describing and assessing the hydrological 
impacts of developing areas and urbanization in these and other similar 
coastal watersheds. 

A number of studies have attempted to describe such storm event 
characteristics using data for headwater coastal watersheds in the 
southeastern Atlantic coastal plain (Amatya et al., 2000; 2019; Blair 
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et al., 2014; Bosch et al., 2017; Capece et al., 1986; Epps et al., 2013a; La 
Torre Torres et al., 2011; Sheridan et al., 2002; Swindel et al., 1983), a 
region characterized by a low-gradient forested landscape that is un-
dergoing significant residential and commercial development (O’Dris-
coll et al., 2010; Hitchcock et al., 2014; Lockaby et al., 2013). At the 
same time, multiple hydrologic models of varying complexities and 
scales have been used to estimate/predict runoff response to storm 
events from catchments with various topographic and land cover con-
ditions (Blair et al., 2014; Fedelman, 2000; Genereux, 2003; Hayes and 
Young, 2006; Kannan et al., 2007; Rossman and Huber, 2016; USDA, 
2004). For example, the Rational Method (Kuichling, 1889), the Soil 
Conservation Service (SCS) Curve Number (CN) method (USDA 2004), 
and HEC-HMS (HEC, 2006; Menberu et al., 2014) model serve as some 
examples, among others. There are several studies in the literature on 
the modification of the original SCS-CN method to assess direct runoff 
(Blair et al., 2014; Epps et al., 2013a; Grimaldi et al., 2013a; 2013b; 
Kannan et al., 2007; Młyński et al., 2020; Verma et al., 2020). However, 
uncertainty remains due to a large range of estimates of runoff volume 
and peak flow response to storm events obtained from these models 
(Genereux, 2003; Joo et al., 2014; Walega et al., 2020). Only a limited 
number of such models have been tested on forest systems (Corbin et al., 

2022; Tedela et al., 2012), particularly on less studied small low- 
gradient watersheds. 

Some of the recently modified versions of the SCS-CN models (Bar-
tlett et al., 2016; Blair et al., 2012; Walega et al., 2020) have shown 
improvement in predictions of storm response on relatively undisturbed 
headwater forested watersheds, thus informing better stormwater 
management in such landscapes that are undergoing development. For 
example, stormflow on lower coastal plain (LCP) watersheds was shown 
to be driven by the WT depth and antecedent soil moisture (ASM); 
stormflow increases substantially as shallow overland surface runoff 
soon after near-surface saturation or surface ponding (Epps et al., 2013a; 
Harder et al., 2007; Slattery et al., 2006). Epps et al. (2013b) showed 
that event runoff predictions do not compare closely to measured flow 
under the average moisture condition normally associated with the SCS- 
CN method (USDA, 2004), warranting adjustments of the CN for WT- 
based ASM. Most of these studies applied the standard SCS-CN model, 
but with a modified initial abstraction component to predict direct 
runoff for the shallow WT conditions in this region (Blair et al., 2014; 
Epps et al., 2013b; La Torre Torres, 2008). Blair et al. (2012) developed 
and successfully tested the SWARM model to predict runoff volume and 
peak discharge with limited data for some LCP watersheds of South 

Fig. 1. Location and soil distribution maps for WS80, Conifer, Eccles Church, and UDC watersheds with their wells, rain gauges, and flow gauging stations. Listed for 
each soil is the soil series name, subsurface soil texture, and soil drainage class (mwd-moderately well drained, spd- somewhat poorly drained, pd- poorly drained, vpd- 
very poorly drained). Note line A-A’ is used in Fig. 9 below. 
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Carolina. Bartlett et al. (2016) moved beyond the classic SCS-CN by 
accommodating different runoff concepts and distributions of hetero-
geneities in storage capacity and soil moisture as the basis for upscaling 
a point runoff response and linking ecohydrological processes to runoff 
modeling. Those authors showed proof of concept in four forested wa-
tersheds and argued that their resulting model may better represent 
geographic regions and site types that previously have been beyond the 
scope of the traditional SCS-CN method. However, all those watersheds 
were on upland sites where hillslope hydrology dominates runoff gen-
eration (Hewlett, 1982). A recent previous version of the modified SCS- 
CN (SME_m), which includes a single modified ASM, was found to 
perform better than the SCS-CN model, but still relatively unsatisfactory 
in predicting total direct runoff and peak discharge on a low-gradient 
coastal forest watershed (Walega et al., 2020). 

Most recently, building on the SME_m model (Walega et al., 2020), 
the MSME (Modified Sahu-Mishra-Eldho) model was developed, which 
incorporates a soil saturation coefficient α for partitioning the total 
direct runoff into the overland surface and saturated subsurface runoff 
based on the ASM with the WT as a proxy. This is somewhat similar to 
the concept in Bartlett et al. (2016) to more accurately predict storm 
response to event outflow and peak discharge rates. The model was 
successfully tested for predicting Qtot_pred in an artificially drained 
coastal forested watershed with open ditches 100 m apart (Walega and 
Amatya, 2020). Results showed computed Qtot_pred was completely 
dominated by saturated subsurface runoff (as drainage in the ditch) 
driven by the gradient between the WT midway between the ditches and 
ditch water level with negligible overland surface runoff, consistent with 
earlier studies (Amatya et al., 1996; Skaggs et al., 2016). However, to 

date, the MSME model has not been tested in naturally drained (no ditch 
system) forest watersheds, where both forms of direct runoff are possible 
to occur. Amatya et al. (2019) reported that on low-gradient watersheds 
lateral subsurface flow and soil moisture storage vary widely with the 
balance of rainfall and evapotranspiration (ET), with lateral flow likely 
occurring for only a short distance, about 50–100 m as in the case of 
ditched systems. 

Without drainage or with a low drainage density in low-gradient 
watersheds, the shallow WT position during dry periods would be 
near the stream channel bottoms. During a storm event, only a small 
amount of rainwater is needed to cause a rapid rise in the WT, resulting 
in a larger hydraulic gradient and thus causing subsurface flow towards 
the stream (Bonnel, 1993). During wet periods, WT rise results in near- 
surface lateral subsurface flow, which redistributes water to compensate 
for ET and microtopographic variation (Younger, 2006). Such a process 
is described as subsurface stormflow common in humid climatic regions 
(Slattery et al., 2006). As the WT approaches the surface in a broad inter- 
stream area, watershedwide overland surface runoff occurs depending 
upon the microtopography. Once the groundwater is recharged and the 
WT has risen to the surface, precipitation to these areas will become 
runoff, regardless of rainfall intensity, and water travels quickly to the 
stream (Dingman, 2002). Conceptually different from the classical 
concepts developed by Hewlett (1982) for upland hillslope hydrology, in 
which subsurface stormflow is defined as “interflow” and surface 
stormflow as “overland runoff, the process of saturation excess runoff 
generation is common in humid, low-gradient systems with a shallow 
WT (Slattery et al., 2006; Younger, 2006). The concept of direct runoff 
and its components (saturated subsurface interpreted as “streamside” 
drainage and overland surface runoff interpreted as “watershedwide” 
runoff) on low-gradient forest systems, primarily affected by soil mois-
ture with the WT as a proxy, were implemented in the MSME model as 
an advancement in the SCS-CN method applicable to areas<300 ha, 
typically with less spatial variability in the soil moisture deficit (Fami-
glietti et al., 2008, as cited in Bartlett et al. 2016). 

In this study, we applied the MSME model on four first-order 
catchments in naturally drained low-gradient forests on the South Car-
olina Atlantic Coastal Plain to examine rainfall-runoff processes as 
influenced by the antecedent moisture condition (AMC). We used 
measured storm event data from 2008 to 2015 for the one watershed 
(160 ha), data from 2011 to 2015 for two watersheds (110 ha and 
210 ha), and data from 2008 to 2011 for a fourth watershed (100 ha) 
(Fig. 1). The main objectives of this study were (1) to calibrate the 
MSME model for the WS80 watershed, and (2) to validate its perfor-
mance by predicting observed storm event direct runoff Qtot_obs for the 
three remaining watersheds without any calibration. The hypotheses 
tested were:  

1) The MSME model using the published SCS-CN values and calibrated 
with storm event data for other parameters on the poorly drained 
WS80 watershed can accurately predict the observed storm event- 
based total direct runoff Qtot_obs based on accepted statistical criteria.  

2) There exists a threshold for both the pre-event initial water table 
elevation (WTE) and precipitation amount, identified using the 
calibrated soil saturation coefficient α, above which event overland 
surface runoff is predicted, in addition to predicted subsurface 
saturated runoff on this watershed. 

2. Material and methods 

2.1. Study site description 

Four first-order watersheds were studied: WS80 (1.60 km2), Eccles 
Church (2.10 km2), Conifer (1.15 km2), and Upper Debidue Creek (UDC) 
(1.00 km2). The hydrologic unit code (HUC) for the first three water-
sheds is 0305020103, and the HUC for UDC is 0302040804. The Eccles 
Church and Conifer watersheds are within the third-order Turkey Creek 

Table 1 
Characteristics of study watersheds (WS80, Conifer, Eccles Church, and UDC).  

Study Site WS80 Conifer Eccles 
Church 

UDC 

Latitude, degrees 33.15 
79.8◦ W 

33.12 33.11 33.39 

Longitude, 
degrees 

− 79.80 − 79.74 − 79.76 − 79.17 

Elevation range, 
m 

3.5–10.0 6.9–10.6 7.39 – 11.5 1.8 – 6.5 

Average basin 
slope, % 

< 2.0 0.23 0.14 < 1.0 

Area, ha 160 115 210 110 
Channel Slope, 

% 
0.22 0.22 0.10 0.21 

Maximum 
Channel 
length, m 

2020 1300 2780 1740 

Basin Shape 
Factora 

1.19 0.13 0.43 1.94 

Weighted 
average CN 

67 78 77 55 

Dominant soil 
typeb 

Wahee Wahee/ 
Lenoir 

Lynchburg Leon/Lynn 
Haven 

HSG of dominant 
soil typec 

D C/D B/D A/D 

Dominant 
vegetation 
type 

Pine mixed 
hardwood 

Pine 
(45%) 

Pine (39%) Pine 

Dominant land 
use type 

Unmanaged Dense 
(84%) 

Thinned 
(57%) 

Unmanaged 

Forested 
wetlands (%) 

48 10.5 20.0 83 

a Basin shape factor is the square of the length of the longest flow path in a 
stream basin divided by the drainage area. 
b Wahee soil series: fine, mixed, semiactive, thermic Aeric Endoaquults. 
Lynchburg soil series: fine-loamy, siliceous, semiactive, thermic Aeric Palea-
quults. 
Lenoir soil series: fine, mixed, semiactive, thermic Aeric Paleaquults. 
Leon soil series: sandy, siliceous, thermic Aeric Alaquods. 
Lynn Haven soil series: sandy, siliceous, thermic Typic Alaquods. 
c HSG: hydrologic soil group. 
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(TC) watershed (52.4 km2) (Fig. 1) in the USDA Forest Service Francis 
Marion National Forest (FMNF), located approximately 60 km northeast 
of Charleston, South Carolina (Morrison, 2016). 

The WS80, Conifer, and Eccles Church watersheds [within the larger 
Turkey Creek (TC) watershed] are rural, forested lands, that drain to 
Turkey Creek, which discharges to Huger Creek, a headwater catchment 
of the East Branch of the Cooper River. That catchment ultimately drains 
into the Charleston Harbor (Harder et al., 2007; James, 2013; La Torre 
Torres et al., 2011). Separately, the UDC watershed (located in coastal 
Georgetown County, South Carolina) is part of the freshwater portion of 
Debidue Creek in the North Inlet estuary (Epps et al., 2013a). UDC 
drains into an area with an existing suburban housing development and 
then into the North Inlet tidal saltwater estuary. All four watersheds are 
characterized by low-gradient topography and shallow water table 
conditions. Long-term (1946–2008) average annual minimum and 
maximum air temperatures were 3.2 and 30.6 ◦C, respectively, and the 
annual rainfall ranged from 834 to 2106 mm on the USFS Santee 
Experimental Forest (SEF) site. July and November were, on average, 
the wettest (187 mm mean rainfall) and the driest (69 mm mean rainfall) 
months, respectively (Dai et al., 2013). 

The WS80 watershed is on the north bank of Turkey Creek and is the 
control catchment of a paired system. The watershed is comprised of 
about 70% mixed pine and hardwood stands and 48% forested wetland 
based on the U.S. National Wetlands Inventory classification (NWI, 
2021). WS80 has poorly drained soils, primarily of the Wahee soil series 
(fine, mixed, semiactive, thermic Aeric Endoaquults), which has a large 
field capacity and small permeability (Harder et al., 2007). The Eccles 
Church watershed is located on the south bank of the TC watershed. The 
dominant vegetation of the Eccles Church watershed is loblolly pine 
(Pinus taeda), followed by longleaf pine (Pinus palustris) (Table 1); the 
dominant land use is thinned forest (basal area < 25 m2 ha− 1), followed 
by dense forest (basal area > 25 m2 ha− 1), and the dominant soil series 
are Lynchburg (48.6%) and Goldsboro (14%) (Morrison, 2016). The 
Conifer watershed is located on the right (north) bank of the TC 
watershed. Loblolly pine is the dominant land cover followed by the 
longleaf pine. Land use is dense forest and the primary soil series is 
Wahee/Lenoir (79%). Other watershed characteristics are presented in 
Table 1 with more details in Morrison (2016). 

The UDC watershed is characterized by low-gradient topography and 
shallow water table conditions (Epps et al. 2013a). The landscape is 
currently forested with mixed hardwood lowlands and upland pine 
stands. Based on the National Land Cover Database (NLCD, 2016), the 
watershed is comprised of 83% vegetated wetland, much higher than the 
other three watersheds in this study. The primary soil series in the UDC 
watershed are Lynn Haven and Leon. These soils are formed in sandy 
marine sediments and are associated with very low-gradient conditions, 
high permeability, and are poorly to very poorly drained (USDA, 1980). 

2.2. Data collection 

Rainfall data for the Eccles Church and Conifer watersheds were 
collected at a weather station approximately 3 km east of the study sites 
(Fig. 1). An automatic tipping bucket rain gauge with an adjacent 
manual gauge was used. Rainfall for both WS80 and UDC watersheds 
were also collected using an automatic tipping bucket backed up by a 
manual gauge (Fig. 1). Additional rain gauges approximately 6 km west 
at the Turkey Creek outlet (USGS gauge) and at the SEF were used to fill 
data gaps on WS80, Eccles, and Conifer watersheds. 

Flow rates were estimated by the standard culvert area-velocity 
method using stage and corresponding velocity data collected at 15- 
min intervals using an automated ISCO 4150 flow meter (Teledyne™, 
Inc., Thousand Oaks, CA, USA) installed inside and at the downstream 
end of round concrete culverts that were 914 mm and 762 mm in 
diameter for the Eccles Church and Conifer watersheds, respectively. 
Flow rates for 15-min intervals were integrated to compute stream 
discharge (volumetric flow) and to estimate event-based total 

streamflow (i.e., outflow) (Morrison, 2016). Digital measurements of 
stage recorded every 10-minutes by a Teledyne ISCO flowmeter installed 
upstream of the WS80 watershed weir outlet gauging stations were used 
with established rating curves for compound V-notch weir for estimating 
streamflow rates (Amatya and Trettin, 2019; 2021). Watershed outflow 
rate in the UDC was estimated using a 0.6-m modified Parshall flume 
located immediately downstream of a road culvert (Epps et al., 2013a; 
Hitchcock et al., 2009). 

Shallow groundwater data (i.e. depth to water table from ground 
surface) were measured on an hourly basis using a Global Water WL-16 
pressure transducer (Xylem™, Inc., Rye Brook, NY, USA) with a data-
logger on an upland well on WS80 (Amatya and Trettin, 2021) and in the 
wells on Lynchburg and Wahee soils near the Eccles Church and Conifer 
watersheds, respectively (Amatya et al., 2018; Morrison, 2016). A water 
table well with a pressure transducer/Solinist™ logger (Georgetown, 
Ontario, Canada) was located in an upland pine area near the UDC 
watershed boundary (Epps et al., 2013a). Additional details of hydro- 
meteorological measurements may be found elsewhere (Amatya and 
Trettin, 2021; Epps et al., 2013a; Morrison, 2016). 

2.3. Hydrograph separation 

Separation of storm event hydrographs into direct runoff and base-
flow values for all watersheds were conducted primarily following 
techniques used by Williams (2007), as cited in Epps et al. (2013a), in 
which a log-linear regression line was fit for the exponential receding 
limb of the hydrographs for the UDC and WS80. However, a linear 
regression with the same separation technique was used by Morrison 
(2016) for Eccles and Conifer watersheds. Storm events were selected 
using rainfall and streamflow data during 2008–2015 for WS80, 
2008–2011 for UDC, and 2011–2015 period for the Eccles Church and 
Conifer watersheds. Individual storm events were selected for each of 
the watersheds and flow rate data were plotted against the corre-
sponding rainfall that may have triggered the event. Two screening 
criteria were selected to identify storm events: 1) events with a single- 
peak hydrograph and 2) event rainfall of at least 12 mm and mini-
mum of six hours between rainfall events (Amatya et al. 2000; Epps et al. 
2013a; La Torres et al. 2011), although all events exceeded 20 mm size, 
except for two events on the Eccles Church watershed. Events with a 
small double peak were also analyzed for comparison. Storm event 
outflow characteristics evaluated included total stream outflow (mm), 
and direct runoff (Qtot_obs) which was calculated as a difference between 
total outflow and baseflow obtained using hydrograph separation (Epps 
et al., 2013a; Morrison, 2016). Total 5-day rainfall (P5) amount before 
the start of each event was also tabulated as proxies for the ASM. Out of 
the 36 events analyzed for the WS80 watershed, 20 events occurred 
during the winter and spring seasons (November to April), with smaller 
ET demand, and 16 events were during the summer and fall seasons 
(May to October) with larger ET. The WT data from the wells in Wahee 
soil on the WS80 watershed (Amatya and Trettin, 2021), in the domi-
nant Wahee/Lenoir soil on Conifer, in the Lynchburg soil for Eccles 
Church (Morrison, 2016), and Leon soils on the UDC (Epps et al., 2013a) 
watersheds were used in the analysis. All of these wells, installed in 
different soil series with varying soil drainage and infiltration response, 
also provided information on water table position, as a surrogate for 
ASM conditions, for the area (Amatya and Trettin, 2010; Amatya et al., 
2018; Callahan et al., 2012; Epps et al., 2013a; Williams and Amatya, 
2016; Zhai et al., 2020). 

2.4. SCS-CN Model and Modified Sahu-Mishra-Eldho (MSME) model 

Direct runoff (Qtot_pred) for all events on all four watersheds was 
predicted using the MSME model. The model was also used to simulate 
both the subsurface saturated “streamside” (Qsubs_pred) and shallow 
“watershedwide” surface overland runoff (Qsurf_pred) components of the 
direct runoff (Qtot_pred). Saturated groundwater flow, in the form of 
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baseflow to receiving waters, is not considered in the MSME model. The 
model functions somewhat similar to ‘ab’ components of the ‘abcd’ 
conceptual model formulated for upper and lower zone soil moisture as 
cited in Martinez and Gupta (2011), to predict only (1-c) as direct runoff, 
and not ‘d’ for the baseflow. 

2.4.1. Theoretical background of the runoff formation in the MSME model 
In the MSME model, it is assumed that in the initial phase of rainfall, 

when the soil has antecedent moisture M after P5, direct runoff does not 
occur (Fig. 2a). The M is determined by infiltrated water from P5, after 
exceeding the interception, depression storage and potential evapo-
transpiration (PET) losses. Past studies (Blair et al., 2014; Baltas 2007; 
Hawkins et al., 2002; Mishra and Singh, 2002; Soulis and Valiantzas, 
2012; Woodward et al. 2003) have reported that the initial abstraction, 
Ia, was overestimated when calculated using the original method. In this 
model, we used the M parameter to reduce Ia compared to the original 
method (Appendix A), which seems to be more relevant on low-gradient 
watersheds with high water table elevation. During a storm event, when 
the sum of precipitation P exceeds the first soil saturation threshold Ia1, 
subsurface stormflow begins (Fig. 2b). If the rainfall P continues during 
the event, the soil profile will continue to be saturated, achieving the 
second threshold (Ia2), resulting in the occurrence of overland surface 
runoff (Fig. 2c). The Ia1 and Ia2 parameters are determined not only by M 
and but also by the saturated area of the watershed. 

At the beginning of rainfall only a small part of the watershed, 
mainly located close to the stream, can be saturated because the land 
surface WTE is relatively deeper to be hydraulically connected with the 
stream water level. During longer duration storms, the saturated area 

tends to increase widely across many more parts of the watershed, 
potentially generating saturated surface stormflow. The factor deter-
mining the proportion of saturated areas in the whole watershed is the 
soil saturation parameter α. We hypothesized that the soil profile in the 
watershed is completely saturated when α = 1.0. If the soil profile is only 
partially saturated (α < 1.0), storm subsurface runoff may occur only 
from the part of the watershed located closest to the water course. 

This α coefficient in the MSME represents the saturation in the soil 
column, similar to the ‘b’ as water holding capacity of upper soil zone 
conceptualized in the ‘abcd’ model cited in Martinez and Gupta (2011) 
where direct runoff ‘(1-c)’ depends upon the soil available moisture after 
subtracting recharge (c) for baseflow. Interestingly, the ‘a’ parameter in 
the ‘abcd’ model represents the runoff propensity index similar to the 
threshold for generating the Qsurf as will be discussed below. The key 
difference is that the MSME model further attempts to partition direct 
runoff ‘(1-c)’ into Qsubs_pred and Qsurf_pred, which were calculated by 
introducing different soil moisture conditions expressed by Sa, Sb, and 
two thresholds of initial abstractions, Ia1 and Ia2. Both the initial ab-
stractions are linked with the α coefficient. In addition, the Ia, which 
relies on interception, surface storage, and infiltration, is also adjusted 
by the soil moisture M as an index parameter in the model, with 
increased M primarily reducing initial abstraction Ia. The coefficient α 
obtained by calibration for the proportion of saturated soil in the profile 
plays a significant role in identifying a threshold of WTE while tran-
sitioning from Qsubs_pred to Qsurf_pred. This is similar to Bartlett et al. (2016) 
who used antecedent soil moisture deficit ‘c’ in their model like the α 
coefficient in the MSME model. In both cases, these coefficients repre-
sent soil moisture conditions before rainfall events. However, the MSME 

Fig. 2. A conceptual diagram of components of direct runoff formation in the MSME model.  
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model is a lumped model with parameters describing antecedent mois-
ture representative of the soil profile in a small homogenous area where 
the SCS-CN is applicable, in contrast with the Bartlett et al. (2016) who 
modified the SCS-CN method allowing to capture runoff from small 
rainfall events that do not activate large areas of threshold-excess runoff 
and, thus, better represent various geographic regions and site types. 
The later model using probabilistic distributions to consider heteroge-
neities in rainfall and soil water storage distribution was shown to 
perform better than the SCS-CN model on upland watersheds. 

The potential water retention parameters, Sa and Sb, were calculated 
based on the same approach as in the original SCS-CN method where CN 

is a critical parameter. The CN value was obtained from the published 
NRCS tables (USDA 2004) using the land cover/conditions and soil 
hydrologic group for each area covered by a soil type within a water-
shed. Then an area-weighted average CN (for AMCII) was calculated and 
presented in Table 1 for each of the watersheds (Haley, 2007; Epps et al., 
2013b). In the MSME model for this study, the weighted CN in Table 1 
was further modified for different antecedent moisture conditions for 
each of the storm events, producing different weighted CNs with their 
calculated statistics shown in Table 2. 

Each of the CN values in Tables 2, 5, 6, and 7 used in the MSME 
model for the four watersheds, was obtained as a storm-event average of 
the weighted CN-II (Table 1) modified for antecedent moisture condi-
tions (AMC) (dry- AMCI, wet-AMCIII, and average AMC-II) for each of 
the storm events. The observed rainfall-runoff data were plotted against 
calculated runoff for each rainfall based on the SCS-CN method where 
CN was assumed for AMCI, AMCII and AMCIII. An example of this is 
presented in Fig B1 for watershed WS80. Next, each observed runoff was 
compared to theoretical line of direct runoff for each of the three AMC 
values, and the final CN value in the MSME model was based on distance 
between observed point and nearest theoretical line for the given AMC. 
This procedure is similar to described by Walker et al. (2001). 

The coefficient α and λ and β parameters were optimized using the 
maximum Nash-Sutcliffe modeling efficiency (NSE; Nash and Sutcliffe, 
1970) as an objective function in the Solver tool of Microsoft Excel 
version 2010. Additionally, computed Qsurf_pred and Qsubs_pred runoff 
components of Qtot_pred from the MSME model were compared to the 
measured pre-event initial WTE, as the AMC on the WS80 watershed 
with dominant Wahee soil series (Fig. 1) for identifying/detecting a WTE 
threshold, when the model predicted Qsurf_pred to test the 2nd hypothesis 
that there is a threshold water table elevation and precipitation amount 
above which overland surface runoff would occur. 

The NSE, RMSE-observations standard deviation ratio (RSR), and 
percent bias (PBIAS) (Moriasi et al. 2007) were used as goodness-of-fit 

Table 2 
Statistical characteristics of selected rainfall-runoff events (N = 36) from the 2008–2015 period, MSME model parameters, and predicted event runoff components for 
the WS80 watershed.  

Parameter P P5 Qtot_obs CN M Sa Sb Ia1 Ia2 Qsurf_pred Qsubs_pred Qtot_pred  

mm mm mm  mm mm mm mm mm mm mm mm 

Mean 73.1 19.3 13.2 66.7 3.6 86.5 220.4 53 79.6 0.5 10.6 11 
Median 66.5 12 9.8 66 0 88.3 198.3 43.1 71.6 0 3.8 3.8 
Minimum 29 0 0 57 0 22.1 121.5 9.5 43.9 0 0 0 
Maximum 157.7 147 88 88 41.5 122.4 672.4 78.2 242.7 8.1 82.2 83.6 
Standard dev. 32.7 29.2 16.1 10.3 8.8 37.2 134.4 23.9 48.5 1.6 15.8 16.5 
COV 0.4 1.5 1.2 0.2 2.5 0.4 0.6 0.5 0.6 3.4 1.5 1.5 
Kurtosis 1 11 12.8 − 1.3 11.3 − 1.8 5.6 − 1.7 5.6 17.5 11.5 9.9 
Skewness 1.1 3.1 3 0.3 3.3 − 0.1 2.1 − 0.1 2.1 4 2.9 2.7 

P: sum of the event precipitation, P5: 5-day antecedent rainfall amount, Qtot_obs: observed total direct runoff, CN: calculated curve number. M: antecedent soil moisture 
index, Sa: maximum potential retention for the area where subsurface saturated runoff occurs, Ia1: initial abstraction for subsurface saturated runoff, Ia2: initial 
abstraction for overland surface runoff (mm), Sb: maximum potential retention for the area where overland runoff occurs (mm), Qsurf_pred – predicted overland surface 
runoff, Qsubs_pred – predicted subsurface saturated runoff, Qtot_pred predicted total runoff. 

Table 3 
Parameters of the MSME model and measures of goodness-of-fit statistics for 
predicting the total surface runoff on all watersheds.  

Watershed α λ β PBIAS, % RSR NSE 

WS80 
Eccles 

0.639 
0.639 

0.268 
0.268 

0.703 
0.703 

16.70 
28.93 

0.44 
0.57 

0.80 
0.64 

Conifer 
UDC 

0.639 
0.639 

0.268 
0.268 

0.703 
0.703 

21.34 
616.29 

0.58 
2.06 

0.60 
− 0.13 

* Coefficient and parameters of the model on Eccles Church, Conifer, and UDC 
watersheds, were assumed the same as on the WS80 watershed. 

Table 4 
Comparison of computed statistical criteria used for the analysis of 
simulated conditions for all events.  

Uncertainty parameter Value of parameters 

ARIL  0.496 
AAD  0.797 
ADA, mm  11.32 
P-95 CI, %  44.44  

Table 5 
Statistical characteristics of selected rainfall-runoff events (N = 12) from the 2011–2015 period, MSME model parameters, and predicted event runoff components for 
Eccles Church (EC) watershed*.  

Parameter P P5 Qtot_obs CN M Sa Sb Ia1 Ia2 Qsurf_pred Qsubs_pred Qtot_pred  

mm mm mm  mm mm mm mm mm mm mm Mm 

Mean 61 10.9 22.1 77.5 1.47 52.1 444.9 32.4 160.1 0 15.7 15.7 
Median 55.1 7.4 19.5 78 0 45.8 325.1 29.3 117.4 0 12.3 12.3 
Minimum 12.2 0 1.6 60 0 18 137.5 7.6 47 0 0 0 
Maximum 116.4 40.7 50.4 90 7.42 108.2 825.2 69.1 297.9 0 45.9 45.9 
Standard dev. 38.2 11.9 16.6 11.9 2.74 36 291.4 23 105 0 16.1 16.1 
COV 0.6 1.1 0.8 0.2 1.9 0.7 0.7 0.7 0.7 0 1 1 
Kurtosis − 1.4 2.7 − 1.3 − 1 1.1 − 0.8 − 1.6 − 0.8 − 1.6 0 − 0.7 − 0.7 
Skewness 0.3 1.6 0.3 − 0.5 1.61 0.9 0.5 0.8 0.5 0 0.8 0.8 

*All variables are explained in Table 2. 
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measures to assess the performance of the models in predicting direct 
outflow using the Ritter and Muñoz-Carpena (2013) criteria for the NSE, 
with satisfactory performance for NSE > 0.65, good performance for 
NSE > 0.80, and very good performance for NSE > 0.90. 

We also conducted an uncertainty analysis of simulated event Qtot_pred 
predicted by the MSME model on the WS80 watershed based on the 
generalized likelihood uncertainty estimation (GLUE) method. The 
procedure is based on running Monte Carlo (MC) model simulations 
with different parameter sets. The parameter sets were sampled from 
proposed (prior) distributions, and the simulated outputs and parameter 
(posterior) distributions were inferred to identify the closest fit to the 
observations obtained from parameter sets defined as “behavioral” 
(Blasone et al., 2008). A priori “uniform” distribution of the α model 
coefficient was assumed based on the observed events for generating 
random values for the MC simulation run. Again, the NSE statistic was 
chosen for the likelihood function. To provide a quantitative evaluation 
of the difference among the results, the following uncertainties were 
calculated:  

- Average Relative Interval Length (ARIL) proposed by Jin et al. 
(2010): 

ARIL =
1
n
∑n

i=1

Limitu,t − Limitl,t

Qtot obs,t
(1)    

- Average Asymmetry Degree (AAD) of the prediction bounds with 
respect to the corresponding observed discharge proposed by (Xiong 
et al. 2009), 

AAD =
1
n
∑n

i=1

⃒
⃒
⃒
⃒
Limitu,t − Qtot obs,t

Limitu,t − Limitl,t
− 0.5

⃒
⃒
⃒
⃒ (2)    

- And Average Deviation Amplitude (ADA) proposed by Xiong et al. 
(2009): 

ADA =
1
n
∑n

i=1

⃒
⃒
⃒
⃒
1
2
(
Limitu,t + Limitl,t

)
− Qtot obs,t

⃒
⃒
⃒
⃒ (3) 

where: Limitl,t and Limitu,t are the lower and upper boundary values of 
95% confidence intervals, Qtot_obs,t is the total observed runoff, and n is 
the number of time steps. 

Additionally, the percentages of observations that are contained in 
the calculated 95% confidence intervals (Jin et al., 2010) were also 
calculated as: 

P − 95CI =
NQi

n
• 100% (4) 

where n is the number of events and NQi is the number of observa-
tions that are contained in the calculated confidence intervals. 

Finally, we applied the MSME model, without any calibration, to 
predict the Qtot_pred on Eccles Church and Conifer watersheds with 12 and 
6 storm events, respectively, and in sandy UDC watershed with 23 
events for the model validation. We also assumed the same value of α 
coefficient calibrated for the WS80 watershed for predicting Qtot_pred on 
all the three watersheds, as a part of the same hypothesis, to demon-
strate that the MSME model can generate the Qtot_pred and its surface and 
subsurface components from varying coastal forest watersheds. 

3. Results and discussion 

3.1. Storm event hydrograph characteristics 

Data in Table 2 shows the values and statistics of measured rainfall- 
runoff storm event parameters used in the MSME model for the 
2008–2015 period for the WS80 watershed. The average and maximum 
event precipitation (P) for the period amounted to 73.1 mm and 
157.7 mm, respectively. The observed direct runoff (Qtot_obs) response to 
rainfall events varied from zero to 88 mm, with an average of 13.2 mm 
(Table 2). The 5-day prior rainfall (P5) showed some variability (COV) 
(Table 2). The large values of kurtosis and skewness and the difference 

Table 6 
Statistical characteristics of selected rainfall-runoff events (N = 6) from the 2011–2015 period, MSME model parameters, and predicted event runoff components for 
the Conifer watershed*.  

Parameter P P5 Qtot_obs CN M Sa Sb Ia1 Ia2 Qsurf_pred Qsubs_pred Qtot_pred  

mm mm mm  mm mm mm mm mm mm mm Mm 

Mean 65.9 6.6 32 83 0.76 37.7 627.3 23.6 226.2 0 25.1 25.1 
Median 55.1 6.9 32.2 90 0.09 18 825.2 11.5 297.2 0 20.8 20.8 
Minimum 31 0 9.9 60 0 18 137.5 9.1 49.7 0 10.3 10.3 
Maximum 116.4 13 56.7 90 3.85 108.2 825.2 69.1 297.9 0 46.5 46.5 
Standard dev. 35.9 5.9 17.7 12.2 1.53 36.3 312.4 23.5 112.6 0 15.2 15.2 
COV 0.5 0.9 0.6 0.1 2.02 1 0.5 1 0.5 0 0.6 0.6 
Kurtosis − 1.6 − 2.2 − 1.2 2.8 5.64 4 − 1 3.9 − 1 0 − 1.8 − 1.8 
Skewness 0.7 − 0.1 0.1 − 1.8 2.36 2 − 1.1 2 − 1.1 0 0.5 0.5 

*All variables are explained in Table 2. 

Table 7 
Statistical characteristics of selected rainfall-runoff events (N = 23) from the 2008–2011 period, MSME model parameters, and predicted event runoff components for 
UDC watershed*.  

Parameter P P5 Qtot_obs CN M Sa Sb Ia1 Ia2 Qsurf_pred Qsubs_pred Qtot_pred  

mm mm mm  mm mm mm Mm mm Mm mm mm 

Mean 41.7 13.5 3.7 69.1 2.1 78.1 249.6 48.5 90.1 0 1.2 1.2 
Median 35 6 2 75 0 54.1 275.1 34.6 99.3 0 0 0 
Minimum 22 0 0 57 0 22.1 121.5 10.3 43.9 0 0 0 
Maximum 87 81 12 88 21 122.4 672.4 78.2 242.7 0 9.8 9.8 
Standard dev. 21.1 19.5 4.1 10.6 4.9 37.5 152.7 24.8 55.1 0 2.8 2.8 
COV 0.5 1.4 1.1 0.2 2.3 0.5 0.6 0.5 0.6 0 2.3 2.3 
Kurtosis − 0.4 5.7 − 0.4 − 1.2 10.4 − 1.7 3.8 − 1.7 3.8 0 6.7 6.7 
Skewness 1 2.2 0.9 0 3.1 0.3 1.9 0.2 1.9 0 2.7 2.7 

*All variables are explained in Table 2. 
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between the mean and the median show an asymmetric distribution of 
most of the P and Qtot_obs parameters to the right (Table 2). The value of 
kurtosis suggests most of P and Qtot_obs values were grouped about the 
mean value while the skewness shows that more events have rainfall and 
runoff less than their respective mean value. 

3.2. MSME Modeling of Surface and Subsurface Runoff in WS80 
watershed 

The MSME model-predicted mean total runoff (Qtot_pred) value across 
36 storms for the 2008–2015 period was 11.0 mm, close to the observed 
value of 13.2 mm, with no significant difference (t test = -0.787, 
p = 0.436 > α = 0.05) (Table 2). The analysis was based on the weighted 
CN taken from the published NRCS table (USDA, 1986) but modified 
with the AMC, with a mean of 66.7 (57.0–88.0), which was almost the 
same as the value of 68, reported earlier by Epps et al. (2013b), after 
adjustment of the antecedent soil moisture (ASM) defined by WT for 
selected storm events on the WS80 watershed (Table 1). 

Mean ASM, expressed by the M parameter (eq. A(4)), was equal to 
M = 3.6 mm with a range of 0.0–41.5 and represents soil moisture index 
for very thin soil layer added by P5 rainfall (Table 2). The lower initial 
soil moisture on the WS80 watershed was supported by the lower mean 
initial WTE (Fig. 3). It is evident from the asymptotic nature of the plots 
in Fig. 3a and 3b that the WTE attains its highest value at nearly 9 m and 

remains stable, but at a single well location on the watershed, for 
M > 1.0 mm. This result tends to indicate that there may possibly be a 
watershed-wide threshold value of the shallow WTE within an uncer-
tainty range due to varying microtopography (Amoah et al., 2013), 
when soils attain high antecedent moisture with saturation (hypothesis 
2). This relationship is also consistent with Amatya et al. (2020) who 
reported all high water table soils generally respond similarly to extreme 
precipitation events. 

As a next step, we examined the influence of P5 antecedent rainfall 
on WTE in Fig. 3a. Apparently, for a small increase in values of P5, WTE 
increases rapidly attaining a maximum WTE after P5 reaches a threshold 
of 3.0 mm. The WTE has lesser variability for any M values higher than 
the threshold value (Fig. 3b). Therefore, more water added to an already 
saturated soil cannot infiltrate further into the soil, and causes ponding 
and generating higher overland surface runoff than the subsurface. 

Computed results showed that the average Qsubs_pred was larger than 
the average Qsurf_pred on the WS80 watershed (Table 2), consistent with 
Amatya et al. (1996) study who reported that it is rare in low-gradient 
watersheds for Qsurf to occur, but may occur, for example, after large 
two-year recurrence storm events exceeding 100 mm of rainfall in 24 hrs 
(Amatya et al., 1998). 

Relationships between rainfall and computed runoff for all events on 
the WS80 watershed are presented in Fig. 4. Initial WTEs were also 
plotted for the corresponding events for WS80 in Fig. 4a, which shows, 

a)

b)

Fig. 3. Relationships between a) water table elevation (WTE) and P5 and b) WTE and antecedent soil moisture (M) on WS80 watershed; the solid black line rep-
resents the average fitted relationship. 
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despite the WTE achieved threshold of 9.00 m or somewhat higher, only 
Qsubs_pred was observed (left side of the vertical line in Fig. 4a). On the 
other hand, the Qsurf_pred runoff was generated by the MSME model only 
when P threshold of 113 mm was achieved. Accordingly, we can 
conclude that it is the rainfall together with AMC, not WTE alone, is a 
crucial factor determining generation of overland flow in this flat coastal 
watershed. Accordingly, when the high WTE near 9.0 m was linked with 
corresponding high event rainfall, the model generated highest Qtot_pred. 
When the P was below detected threshold, only Qsubs_pred was predicted 
on the watershed. The P threshold on the WS80 watershed was equal to 
113 mm, supporting our 2nd hypothesis. However, there was no data on 
individual Q components to verify although this qualitatively supports 
the Harder et al (2007) study who reported that when the WT positions 
at their single study well were at<0.1 m depth at the onset of the storm 
event, the saturated conditions should cause a large fraction of the 
rainfall to leave the system as surface and shallow subsurface runoff. A 
similar concept of pre-threshold runoff as subsurface and threshold 
excess runoff in the SCS-CN method was proposed by Bartlett et al. 
(2016) for simulating runoff generation in hillslope hydrology domi-
nated forest watersheds. However, additional field studies are needed to 
verify the generation of separate Qsub and Qsurf components for the runoff 
events as only the total direct runoff (Q) was measured at the site. 

Parameters of the calibrated MSME model and computed measures 

of goodness-of-fit for model performance compared to the observed data 
are given in Table 3 for WS80 watershed and additionally for three other 
validated watersheds: Eccles Church, Conifer, and the UDC. The coef-
ficient, α, obtained from the calibration, was found to be equal to 0.639 
for the WS80 watershed. The value of β = 0.703 indicated that the ASM 
index (M) at the beginning of the rain event was not only likely caused 
by infiltrating rainfall as defined by P5 but also by the WTE, as a sur-
rogate of soil moisture, because a portion of P5 would have been lost by 
ET (Amatya et al. 2020). The model performance statistics of RSR and 
NSE calculated as 0.44 and 0.80, respectively, were classified as “good” 
for NSE according to Ritter and Muñoz-Carpena (2013) criteria. These 
results are also better than those from the previous versions of the model 
(SME_m and others) on the WS80 watershed. For example, Walega et al. 
(2020) obtained an NSE of 0.72 using the SME_m model and 0.73 for the 
original SCS-CN model using the CN based on USDA (2004) on this 
watershed. However, Walega et al. (2017) had reported slightly better 
performance of the Mishra-Sahu (MS) model compared to the Sahu 1 
and 3 parameter models on this watershed. The positive value of PBIAS 
suggests the average tendency of the simulated data to slightly under-
estimate total direct runoff to their observed counterparts. 

Comparing the predicted event total runoff (Qtot_pred) to the observed 
data (Fig. 4b) shows a good agreement for the WS80 watershed, sup-
porting the 1st hypothesis. However, predicted Qtot_pred values are 

b)

a)

Fig. 4. Relationships for the WS80 watershed between a) measured event total rainfall (P) and observed direct runoff (Qtot_obs), predicted saturated subsurface runoff 
(Qsubs_pred), predicted overland surface runoff (Qsurf_pred) and water table elevation (WTE) and b) Qtot_obs and predicted runoff (Qtot_pred) for rainfall-runoff events, with a 
solid black line for 1:1 relationship. The dashed line in Fig. 4b represents the regression line with R2 (coefficient of determination) and a p value. 
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slightly lower than those observed in the case of larger runoff events. 
This may be likely due to slightly lower weighted CN value (66.7), ob-
tained from the USDA (2004) to include in the MSME model (Table 2), 
compared to the CN of 68 obtained after adjusting for the AMC defined 
by the WT at the site as reported in Epps et al. (2013b) study. 

3.3. Uncertainty of the MSME model 

The uncertainty of the MSME model predictions was analyzed for the 
storm events on the WS80 watershed to detect the potential influence of 
the α coefficient on prediction errors of simulations. A selection criterion 
for the α coefficient was the threshold value of the likelihood function 
with the NSE value exceeding 0.65, which, as previously mentioned, was 
deemed satisfactory. The simulations in which the NSE values were 
below 0.65 were excluded from further analysis. To provide a broad 
quantitative evaluation of the uncertainty analysis, simulations results 
from ARIL, AAD, and ADA statistical criteria were calculated (Table 4). 
The calculated value of ARIL = 0.496 is in a somewhat similar range 
reported in other literature (0.09 to 1.30) for monthly nitrate load and 
storm hydrograph predictions (Appling et al., 2015; Walega and Książek, 
2016), indicating relatively lower uncertainties in the model pre-
dictions. An AAD value lower than 0.50 indicates that, on average, the 
observed runoff was within the prediction uncertainty bands, whereas 
the higher the AAD value, the more asymmetrical the uncertainty bands 

were around the observed water levels (Xiong et al. 2009; Walega and 
Książek 2016). Our calculations showed the AAD value of 0.797 
(Table 4) was slightly higher than 0.50 but substantially lower than 1.32 
obtained by Walega and Książek (2016), suggesting that the average 
observed runoff is likely higher than the upper uncertainty band. 

P-95 CI statistics used to quantify the random and systematic errors 
in simulations indicate that the P-95 CI values > 50 % stand for more 
random errors, whereas the P-95 CI values < 50 % suggest systematic 
errors, as sources of uncertainties in simulations. As shown in Table 3, 
our calculated P-95 CI value of 44.44% is slightly lower than 50%, 
indicating a slight potential for systematic errors in the MSME modeling 
results. The plot in Fig. 2b shows the model’s tendency to slightly 
underpredict the events, particularly those with deeper WTEs. However, 
this systematic average error of 15% overprediction of runoff, with a 
range of 8.7 to 20.2% was deemed acceptable considering other po-
tential errors in the estimated CN parameter as well as in the measured 
data. Also, this was likely due to predicted narrow bands of uncertainty 
caused by narrow variability of the accepted α coefficient assuming a 
uniform Wahee soil throughout the watershed, which has some het-
erogeneities (Fig. 1). This means the model may have insufficiently 
captured changes of ASM across the watershed. However, this potential 
WTE threshold from localized well data on the Wahee soil may not be 
quite representative of the whole watershed with some additional soil 
types, consistent with Bartlett et al. (2016) for addressing 

Fig. 5. Relationships between measured event total rainfall (P) and observed direct runoff (Qtot_obs), predicted saturated subsurface runoff (Qsubs_pred), and predicted 
overland surface runoff (Qsurf_pred) for a) Eccles Church and b) Conifer watersheds. 
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heterogeneities for large areas. 

3.4. Validation of MSME model on two other watersheds with relatively 
poorly drained low permeability soils 

Observed data and computed statistics of rainfall-runoff parameters 
for the MSME model for the Eccles Church and Conifer watersheds for 
the 2011–2015 period are shown in Tables 5 and 6, respectively. The 
average event P of 61.0 mm for Eccles Church is slightly lower than the 
65.9 mm for the Conifer watershed and much lower than for WS80 
(Table 2), but similar maximum values were observed for the Eccles 
Church and Conifer sites. The 5-day prior P5 is lesser on Eccles Church 
and Conifer watersheds compared to the WS80 watershed. The observed 
average outflows (Qtot_obs) were 22.1 mm, 32.0 mm, and 13.2 mm for the 
Eccles Church, Conifer, and WS80 watersheds, respectively. 

Mean CN values, obtained from the USDA (1986) and modified for 
the AMCs, for the Eccles Church and Conifer watersheds were found to 
be 77.5 and 83, respectively, with a range of 60–90 for both (Tables 5 
and 6). CN was higher on the Conifer watershed than the Eccles Church 
watershed, as expected, due to relatively well-drained soils on Eccles 
Church with a potential for a larger initial abstraction relative to the 
Conifer watershed. The M index for the validated watersheds Eccles 
Church on sandy soils and the Conifer on loamy clay soils were smaller 
than on WS80 watershed (Tables 2, 5, 6), with a large field capacity and 

low permeability soils in addition to the largest wetland area (Harder 
et al., 2007 - Table 1). 

Relationships between rainfall and computed runoff for all events on 
Eccles Church and Conifer watersheds are presented in Fig. 5. 

The influence of rainfall (P) on the runoff (Qtot_obs) is evident. The 
analysis showed a lack of overland surface runoff on both the Eccles and 
Conifer watersheds including for larger rainfall events. We assumed the 
WTE threshold at saturation for the Eccles Church on Lynchburg soils 
and Conifer on Wahee soil similar to that on WS80, because both the 
Wahee and Lynchburg soils are classified as somewhat poorly drained 
located in the same low-gradient topographical and geological condi-
tions. Also, both soils are similar texture-wise as fine sandy loam and 
fine loamy sand and have three out of five similar terms in taxonomy 
(semi-active, thermic, Aeric) (Williams and Amatya, 2016). In addition, 
when the soils are saturated with WTE near or at the surface, both soils 
respond similarly during high rainfall events (Amatya et al., 2020). 

Comparisons of the predicted event total runoff (Qtot_pred) to the 
observed data for the Eccles Church and Conifer watersheds plotted in 
Fig. 6a and 6b, respectively, show a relatively poorer agreement for both 
the watersheds compared to WS80 (Fig. 4b), with slightly lower pre-
dicted Q values than the observed although the computed statistics 
showed a satisfactory performance (Table 3). Positive values of PBIAS in 
both watersheds suggest that the MSME model tends to underestimate 
mean direct runoff as much as 29% compared to the observed. The fact, 

Fig. 6. Relationship between Qtot_obs and Qtot_pred for rainfall-runoff events on a) Eccles Church and b) Conifer watersheds. The solid black lines represent a 1:1 
relationship and the dashed lines represent regression lines with R2 (coefficient of determination) and p value. 
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that the model performance of simulating Qtot_pred was satisfactory based 
on evaluation statistics (Table 3; Fig. 6), suggests that the MSME model, 
using the published NCRS CN values and calibrated with parameters 
from a watershed with long-term data, can be used for simulating event 
rainfall-runoff in ungauged watersheds with similar conditions. 

3.5. Validation of the MSME model on a watershed with high 
permeability soils 

The predicted values and statistics of rainfall-runoff parameters for 
the MSME model for the 2008–2011 period for the UDC watershed are 
shown in Table 7 together with observed rainfall and runoff data. The 
average event P of 41.7 mm was much less than that for previously 
described watersheds despite the slightly higher 5-day prior rainfall than 
for the Eccles Church and Conifer watersheds but less compared to the 
WS80 watershed. The smallest observed average Qtot_obs of 3.7 mm on 
UDC, the smallest value for all the four watersheds, was likely due to the 
larger permeability of the sandy soils of Lynn Haven and Leon series 
(Epps et al., 2013a). 

The calculated CN mean for the UDC watersheds was 69.1, with a 
range of 57.0–88.0, which was substantially lower than the CN values 
for the Conifer and Eccles Church watersheds (Tables 5 and 6) but 
slightly higher than the values reported by Epps et al. (2013b). However, 
the ASM index (M) values for this validated watershed were similar to 
that of the WS80 watershed (Tables 2 and 7). 

The relationship between P and computed Qtot_pred and its 

components for all storm events on the UDC watershed are presented in 
Fig. 7a. 

The plot and the analysis showed that the MSME model, using the α 
coefficient as on the WS80, did not yield surface overland runoff in any 
of the storm events but only the shallow subsurface saturated runoff on 
this watershed with highly permeable soil. This result is consistent with 
Slattery et al. (2006), who showed that the subsurface flow is dominant 
where there are deep, permeable soils. The plot in Fig. 7a also shows an 
increase in Qsubs_pred values with an increase in WTEs, consistent with 
other studies (Harder et al., 2007). As a result, total runoff from the UDC 
watershed was simulated as shallow subsurface saturated runoff only. 
The MSME model for this watershed performed poorer (NSE = -0.13) 
than for the other watersheds (Table 2), with an unsatisfactory perfor-
mance using the Ritter and Carpena (2013) criterion. The poor quality of 
the model is also evident from the calculated RSR and PBIAS measures. 
High PBIAS suggests that total direct runoff predicted by the MSME 
model is substantially underestimated compared to observed events. The 
poor results of runoff achieved from the MSME model in the UDC 
watershed can be attributed to the underestimation of the antecedent 
soil moisture M for high permeability soil. The initial abstractions Ia1 
and Ia2 were too large, and thus losses of rainfall P caused the predicted 
runoff from the MSME model to be significantly smaller than the 
observed. Thus, we conclude that the MSME model, without any cali-
bration, is not able to reasonably predict total direct runoff formation 
from storm events on this watershed with higher soil permeability 
(Fig. 7b). 

Fig. 7. Relationships for the UDC watershed between: a) measured total event rainfall (P) and predicted total surface runoff (Qtot_pred) and its components and b) 
relationship between Qtot_obs and Qtot_pred for rainfall-runoff events, with a solid black line for 1:1 relationship. The dashed line in Fig. 7b represents the regression line 
with R2 (coefficient of determination) and a p value. 
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3.6. Interpretations of runoff response for storm event modeling and 
future works 

3.6.1. Water Table threshold on partitioning subsurface saturated and 
surface overland runoff 

In this study, we found the model predicted shallow subsurface 
saturated flow as “streamside” runoff for all storm events on all four 
watersheds. Only on WS80, when a threshold of 113 mm precipitation 
was exceeded, the model predicted surface overland “watershedwide” 
runoff. The results on the WS80 are consistent with other forested 
catchments (Juez et al., 2021; Wilcox et al., 2011). For example, Juez 
et al. (2021) studied hydrological dynamics in forested catchments in 
San Salvador Central Spanish Pyrenees and detected a rainfall threshold 
of 105.8 mm, above which high-magnitude low-frequency events were 
observed with the rainfall-runoff slope considerably stronger than the 
observed under the threshold. The same authors also concluded that the 

Fig. 8. Relationship between WTE and observed total runoff for a) WS80 and b) 
UDC watersheds. 

Fig. 9. Conceptual diagram of runoff generation on a 
pseudo-3D representation of the Eccles Church 
watershed. MSME model estimates of initial abstrac-
tion (average values of Ia1 and Ia2 in Table 5) are 
related to: A) situation where only subsurface runoff 
occurs near the channel and B) where streamside 
runoff extends, by an expanding channel system, 
across most of the watershed to become watershed- 
wide overland surface runoff. Arrow sizes reflect the 
volume of runoff. This figure is derived from Fig. 1c 
as a cross-section relating to transect line A-A’ and a 
plan view upstream to the south.   

Fig. B1. The observed rainfall-runoff events and direct outflow calculated ac-
cording to SCS-CN method for different CN values, corresponding to three 
antecedent moisture conditions for WS80 watershed. 
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catchment response is related to the height of the water table, which in 
turn was related to antecedent rainfall conditions, similar to our results. 
The MSME model assumes that watershedwide surface overland runoff 
is initiated when the watershed is completely saturated in a situation 
when P5 corresponds to the maximum potential retention. 

This study did not find a threshold relationship for WTE above which 
surface overland runoff would likely be generated by the MSME model. 
The model yielded only subsurface saturated runoff even for the WTE of 
9.0 m or above (Fig. 4a) at a single well location on WS80. On the other 
hand a WTE of approximately 9.0 m in a well on WS80 suggests that 
there may possibly be a threshold WTE value when soils attain high 
antecedent moisture with saturation across the watershed (Fig. 3) thus 
producing increased total runoff. This hypothesis for WS80 is supported 
by WTE versus observed total runoff Q plot in Fig. 8a but did not hold 
true for the well on the UDC watershed (Fig. 8b). Detection of a rela-
tionship between WTE and runoff could dictate the rainfall response on 
these watersheds between dry and wet ASM. As mentioned early, WTE 
can influence on soil moisture and thus on possible runoff generation. 

As shown in Fig. B2, WTE elevation is linked with Ia1, representing 
initial abstraction for subsurface saturated runoff. Initially when WTE is 
close to the surface, Ia1 has lower value but after rain events the value 
exceeds Ia1, resulting in formation of subsurface runoff. For deeper 
WTE, Ia1 is also decreased, potentially with also the decreased chance of 
the subsurface runoff occurrence. Moreover, according to equation A(2), 
the Ia1 is determined by antecedent soil moisture M. For example, if M 
increases yielding higher moisture, Ia1 decreases, and thus also the 
storage decreases. This behavior consequently pronounces the subsur-
face runoff generation process. In this case both the WTE and Ia2 do not 
yield similar behavior, confirming that occurrence of surface overland 
runoff is more determined by rainfall depth than the WTE. For example, 
in their study on this watershed, Epps et al. (2013a) showed that only 
very moderate amounts of runoff could be expected for rain events that 
occur when the WTE is below a threshold as dry ASM. On the other hand, 
substantial watershed-wide runoff generation might be expected under 
high WTE across the watershed, exceeding a representative of threshold, 
consistent with Harder et al. (2007), who found exponentially increasing 
runoff when the water table was ponded>40 mm at a given well location 
on the WS80 watershed. 

All three studies found a threshold rainfall to runoff response when 
the WTE at the WS80 observation well reached near 9 m, which was 
close to the soil surface at that location. However, we expect some 
variation in this single well-based threshold on a watershed-scale basis 
for this watershed with a mean depressional storage of 93 mm (87 – 
99 mm) (Amoah et al., 2013). 

The UDC watershed demonstrates how WTE is a site specific varible. 
UDC has an elevation range of 1.8 – 6.5 m (Table 2) indicating a WTE of 
9 m is impossible at this site. The relationship for the observations at 
UDC (Fig. 8b) indicates 7 out of 17 events, with WTE ranging from 2.3 to 
3.3 m, result in no runoff and higher rates of runoff are associated with 
WTE over 3.4 m. The sandy subsoils of UDC have much less moisture 

holding capacity and unsaturated storage is quite small. In this case, 
threshold behavior occurs over a broader range of WTE from 3.4 to 
3.8 m (Epps et al 2013a) and half of the observed storm with runoff were 
above the 3.4 m value of WTE. 

3.6.2. Soil saturation coefficient α 
The coefficient α in the MSME model can be interpreted as the partial 

area contribution of saturated soil. That coefficient plays an important 
role in predicting the switching from Qsubs_pred to Qsurf_pred runoff. In this 
way, the MSME model may be mimicking saturation excess overland 
flow (Dunne and Black, 1970). The relationship of α to both a threshold 
rainfall amount and a specific WTE on WS80 suggests the calibrated 
coefficients of the lumped MSME may relate to a spatially distributed 
saturation excess overland flow generation process (Dunne et al., 1975). 
The role of soil saturation (water table depth or elevation) in runoff 
threshold behavior has been recognized in coastal forested watersheds 
for decades (Epps et al., 2013a; Eshleman et al., 1994; Harder et al., 
2007; Williams, 1979; Williams, 2007). Yet those studies, like this one, 
used a single well elevation as an index to infer the spatially distributed 
water table. 

Siebert et al. (2011) determined that a major source of runoff gen-
eration, in Swedish peat-dominated low gradient forested watersheds, 
was the high conductivity of the surface forest floor and upper peat 
layers. McDonnell et al (1991) also found high horizontal conductivity 
in the forest floor on steep forested watersheds in New Zealand. They 
discounted the mechanism as a source of runoff in those watersheds, as 
rapid flow could only be measured over a distance of a few tens of 
meters. Bishop et al. (1990) found that the flow in the Swedish streams 
could be accounted for by this shallow flow in a region within 30 m of 
the stream. Skaggs et al. (2016) found similar apparent high surface 
hydraulic conductivity in North Carolina, but a tenfold decrease after 
bedding destroyed the forest floor. Walega and Amatya (2020) used data 
from an undisturbed, but artificially-drained, forested watershed in 
coastal North Carolina in the development of the MSME model. That 
model indicated that the shallow subsurface mechanism occurred within 
50 m of the stream. Can the results of the MSME model be used to create 
a hypothesis of how a shallow subsurface flow mechanism may be active 
on undrained coastal forested watersheds? 

The Eccles Church watershed can be used to visualize the above 
hypothesis (Fig. 9). Eccles Church is located on a Pleistocene aged 
floodplain (Colquhoun 1974) where soils have developed on the former 
floodplain surface. The stream has developed in an old meander scar 
while other poorly drained soils are found in micro-topographic lows 
based on an overlay of soils with a LiDAR-based digital elevation model 
(DEM) of the area (Amatya et al., 2015). Using the MSME model results 
for this watershed (Table 5), we can visualize a condition similar to 
Fig. 9a after 25.9 mm of rain during median conditions. With that 
rainfall, rapid subsurface flow occurs only on the most poorly drained 
portions of the watershed and drains to the closest topographic low, and 
limited area near the stream contributes to stream flow. The model also 
suggests that the condition of Fig. 9a may occur after only 7.6 mm of 
rainfall during wet conditions or as much as 69.1 mm during dry 
conditions. 

Similarly, the model predicts conditions of Fig. 9b will occur after 
146.7 mm of rain in median conditions. In this case, the rapid shallow 
subsurface flow will be extensive on all but the well-drained soils and 
the topographic lows will connect to the stream forming a continuous 
saturated zone across much of the watershed. As shown earlier in Fig. 2, 
one could visualize the model component Ia1 to represent the rainfall 
needed to trigger rapid subsurface flow, and Ia2 to be the additional 
rainfall needed before all the topographic lows are connected to the 
outlet. The model results suggest the initiation of this watershedwide 
runoff may occur after as little as 55 mm during wet conditions or only 
after 366 mm during very dry periods. 

These findings suggest the need for attention to varying parameters 
and initial conditions when modeling storm runoff in wetland-rich low- 

Fig. B2. Relationships between WTE and Ia1 in WS80 watershed  
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gradient watersheds in the southeastern U.S. For example, initial WTE 
and soil moisture, if available, should be investigated on soil texture and 
drainage class basis as the parameters calibrated on the WS80 were 
validated satisfactorily on two other watersheds with clay and clay loam 
subsoil, but performed rather poorly for a watershed with sandy subsoil 
and very low relief in the same region. Accounting for these initial 
conditions is one of the key advantages of applying the CN-based 
models, including the MSME model also with watershedwide overland 
surface and streamside shallow subsurface saturated runoff partitioning 
methods used in this study, over the widely used original SCS-CN 
method. However, the uncertainty analysis of simulated direct runoff 
due to the α coefficient in the MSME model showed systematic errors 
with some overpredictions of observed runoff events. The values of α 
were less variable due to the small variability in WTE above the 9.00 m 
(soil saturation), resulting in overland surface runoff based on a single 
well data on the dominant soil of the WS80 watershed. These results 
demonstrate the need for model validation with multiple soil types and 
topography even in the low-gradient system to reduce prediction un-
certainties for the general application of the model in similar other 
regions. 

We recognize this is a more intensive field approach, yet it yielded 
more detailed independent data for components of stormflow itself, 
besides the purpose of stormflow/baseflow separation of streamflow. 
This is important for calibrating runoff models applied in the design of 
stormwater management practices in these coastal landscapes facing 
urbanization and climate change effects including extreme rainfall 
events (Amatya et al., 2021; Corbin et al., 2022). Future research may 
also consider the MSME model integrated with empirical rainfall-runoff 
models like Soil Conservation Service – Unit Hydrograph (SCS-UH) and/ 
or EBA4SUB model (Petroselli, 2020) to include surface and subsurface 
runoff in design hydrograph generation and test the approach in mul-
tiple watersheds with varying slopes and land cover. Another recom-
mended aspect of future studies is to focus on the α parameter and its 
linkage with a parameter describing groundwater and/or soil moisture, 
as was described by Camporese et al. (2019) who used Topographic 
Wetness Indices (TWI) to determine the value of the α parameter. 
Similar linkage including those derived using recent ultra-high resolu-
tion remote sensing-based soil moisture images (Ma et al., 2020) is also a 
possibility with the MSME model to reliably predict direct surface runoff 
in an ungauged forest and rural watersheds. 

4. Summary and conclusions 

Storm event direct runoff Qtot_pred was evaluated on three small, 
forested watersheds (115, 160, and 210 ha) at the USDA Forest Service 
Francis Marion National Forest and a fourth watershed (100 ha) near 
Georgetown and North Inlet-Winyah Bay, all in the rapidly urbanizing 
lower coastal plain of South Carolina, USA. The watersheds had different 
dominant soil types with varying drainage classes, but similar forest 
management practices. We analyzed and satisfactorily calibrated the 
interrelationships of the Qtot_obs and event rainfall predicted using the 
modified Mishra-Sahu-Eldo (MSME) model mechanisms for the 160-ha 
watershed. This was performed in conjunction with published NRCS 
CN values and other event parameters including antecedent moisture 
conditions defined by rainfall and water table elevation using data 
collected from multiple storm events that occurred between 2008 and 
2015. Also, we found that water table elevation can be linked with α 
parameter, in the MSME model, which can be interpreted as a soil 

saturation coefficient obtained by calibration for approximating the 
proportion of watershed area with saturated soil profile to partition 
watershedwide overland surface (Qsurf_pred) and subsurface saturated 
(Qsubs_pred) runoff. The uncertainty analysis showed that systematic error 
due to this parameter can be a significant source of Q prediction un-
certainty. Model validation using the same α parameter and event data 
for the 2008–2011 period on the 100-ha watershed and the 2011–2015 
period on two other watersheds (110 ha and 210 ha) showed satisfactory 
performance of the MSME model in predicting direct runoff only on the 
two poorly drained watersheds but not on the 100-ha watershed with 
higher soil permeability. Our results showed that Qsurf_pred is triggered 
only after rainfall reaches threshold values of 113 mm, on WS80 but not 
on Eccles and Conifer watersheds with limited event data compared to 
WS80. Results of this study suggest that the MSME model can be used for 
adequately estimating total direct runoff on poorly drained coastal sites 
with similar characteristics as the study sites. In addition, the model has 
the potential to be used in partitioning the direct runoff and estimating 
peak discharge estimates for the design of road drainage and stormwater 
management practices in the face of changing land use and climate in 
coastal watersheds with low-gradient topography and shallow water 
table soils. 
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Appendix A1 

Equations to calculate direct runoff and its components (shallow subsurface saturated and overland surface runoff) in MSME model. 
Streamside shallow subsurface saturated runoff (Qsubs) was calculated using following equations: 
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MSMEQsubs =
(P − Ia1)⋅(P − Ia1 + M)

(P − Ia1 + Sa)
if P > Ia1 (A1)  

Ia1 = α • (Sa − M) (A2)   

MSMEQsubs = if P < Ia1                                                                                                                                                                                 (A3) 

M = β⋅
(P5 − λSa)⋅Sa

(P5 − λSa)+Sa
if P5 > λSa (A4)   

M = 0 for P5 < λSa                                                                                                                                                                                       (A5) 

Sa = α •

(
25400

CN
− 254

)

(A6) 

Watershedwide surface overland runoff (Qsurf) was calculated using equations: 

MSMEQsurf =
(P − Ia2)⋅(P − Ia2)

(P − Ia2 + Sb)
if P > Ia1 + Ia2 (A7)  

Ia1 = (1 − α) • (Sb) (A8)   

MSMEQsurf = 0 if P < Ia1+ Ia2                                                                                                                                                                       (A9) 

Sa = (1 − α) •
(

25400
(100 − CN)

− 254
)

(A10) 

Total runoff Qtot was calculated as the sum of overland and subsurface saturated runoff:  

MSMEQtot = MSMEQsurf + MSMEQsubs                                                                                                                                                          (A11) 

where P is the sum of the precipitation during the event (mm), λ = a calibrated parameter that represents the initial abstraction coefficient, Ia1 is the 
initial abstraction for shallow subsurface saturated runoff (mm), Sa is the maximum potential retention for the area where shallow subsurface 
saturated runoff occurs (mm), α is the coefficient for the proportion of the watershed area with saturated soil (this parameter is calibrated), Ia2 is the 
initial abstraction for overland surface runoff (mm), Sb is the maximum potential retention for the area where overland runoff occurs (mm), M =
antecedent soil moisture index (mm), CN is the CN parameter, MSMEQsubs is the shallow subsurface saturated runoff (mm), and MSMEQsurf is the 
overland surface runoff (mm). 
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