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PROCESS-BASED MODELING OF INFILTRATION,  
SOIL LOSS, AND DISSOLVED SOLIDS ON  

SALINE AND SODIC SOILS 

S. K. Nouwakpo,  M. A. Weltz,  A. Arslan,  C. H. Green,  O. Z. Al-Hamdan 

ABSTRACT. The Colorado River is a central socio-economic resource of the western U.S. but is vulnerable to excessive salt 
load. To improve knowledge of the surface processes controlling salt loading, a series of rainfall simulation experiments 
were conducted in saline rangelands of the upper Colorado River basin (UCRB). In this study, data from these rainfall 
simulation experiments were used to develop predictive equations for the process-based Rangeland Hydrology and Erosion 
Model (RHEM). Runoff and soil loss prediction performances were assessed with the Nash-Sutcliffe efficiency (NSE), the 
coefficient of determination (R2), and the percent bias (PBIAS). Calibration on 36 individual plots, randomly selected to 
cover each treatment, yielded improved runoff prediction (NSE = 0.73, R2 = 0.74, and PBIAS = 6.93%) compared to the 
non-calibrated RHEM parameter estimation equation (NSE = 0.65, R2 = 0.68, and PBIAS = 32.03%) when a refined ground 
cover coefficient was used to estimate the effective hydraulic conductivity (Ke). Soil loss prediction with the calibration data 
was also improved compared to the non-calibrated parameter estimation equation (NSE = 0.94, R2 = 0.94, and PBIAS = 
4.25% vs. NSE = 0.81, R2 = 0.85, and PBIAS = 6.47%) when the soil sodium adsorption ratio (SAR) was included in 
estimation of the sheet and splash erosion parameter (Kss). Improvements in runoff and soil loss predictions with the cali-
bration data were maintained with an independent set of 36 plots from the original rainfall simulation dataset not used for 
calibration. Overall, soil sodicity was an important consideration in the performance of the newly developed Kss parame-
terization equation in this study. Performance on sodic soils (SAR  15) gained the most from the inclusion of SAR in the 
Kss estimation. Salt load was linearly related to soil loss (R2 = 0.94), and this linear model performed well in estimating 
runoff salt load from RHEM-predicted soil loss. These new developments will provide a physically based modeling scheme 
for land managers for predicting rainfall-driven soil and salt load to surface waters of the UCRB. 
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he Colorado River is an essential resource in the 
western U.S. and Mexico, providing municipal 
water to 40 million people, irrigation water for mil-
lions of hectares of land, and other environmental 

services to wildlife and humans (Bureau of Reclamation, 
2005). The salinity of the Colorado River has become a cen-
tral issue among river and infrastructure managers due to the 
significant costs (more than $380 million in 2009) of dam-
ages caused by salts in the Colorado River (Bureau of Rec-

lamation, 2005). Salinity control efforts have traditionally 
targeted irrigated lands in the lower Colorado River basin to 
reduce salt loading to the river system. Nevertheless, the 
dominant portion (55%) of the total dissolved solids (a meas-
ure of salinity) in the Colorado River comes from natural 
non-irrigated rangelands, mostly in the upper Colorado 
River basin (UCRB) (Kenney et al., 2009), suggesting fur-
ther control of the Colorado River’s salinity through man-
agement actions on these rangelands. 

Specific physiographic conditions (saline and sodic par-
ent materials at low basin elevation) in vast expanses of the 
UCRB create opportunities for high salt loading to the Col-
orado River (Blackman et al., 1973). These geologic condi-
tions are often exacerbated by low vegetation cover due to 
low annual precipitation ranging from 150 to 455 mm year-1 
(NRCS, 2006) and physiologically stringent growth condi-
tions (Cadaret et al., 2016b), leading to accelerated soil ero-
sion. Salts are transported along with soil, and a close asso-
ciation between soil erosion and salt load has been described 
(Cadaret et al., 2016b; Laronne and Shen, 1982; Ponce et al., 
1975) and even used as a predictive tool (Cadaret et al., 
2016b; Laronne and Shen, 1982). Laronne and Shen (1982) 
proposed a basic empirical slope-based model to predict salt 
load, while Cadaret et al. (2016b) predicted salt load from 
soil loss information derived from the process-based Range-
land Hydrology and Erosion Model (RHEM). 
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The RHEM model was developed from experimental data 
collected across various rangeland ecological domains of the 
western U.S. to address the specificity of rangeland systems 
in the prediction of soil erosion and runoff generation (Near-
ing et al., 2011). As a process-based model, RHEM was de-
veloped as a response to earlier unsatisfactory efforts to ap-
ply empirical soil erosion models, such as the Universal Soil 
Loss Equation (USLE), to rangelands (e.g., Blackburn, 
1980; Foster et al., 1981; Hart, 1984; Spaeth et al., 2003). 
The lumped nature and rigid structure of empirical models 
make them ill-fitted to address rangeland conditions where 
biotic and abiotic interactions strongly control surface pro-
cesses (Weltz et al., 1998). RHEM has been used in many 
studies to help answer hydrology and erosion questions, in-
cluding benchmarking results of a jet impingement test for 
soil erodibility measurement (Lisenbee et al., 2017), evalu-
ating the effect of rangeland conditions and disturbance on 
hydrologic response (e.g., Al‐Hamdan et al., 2015; Belnap 
et al., 2013; Nouwakpo et al., 2016), proposing new range-
land assessment methods integrating ecohydrologic pro-
cesses (e.g., M. Hernandez et al., 2013; Weltz et al., 2014; 
Williams et al., 2016), and evaluating the effect of climate 
change on runoff and erosion (Zhang et al., 2012). 

The experimental data used to develop the RHEM model 
were collected on rangeland sites across the western U.S. 
with no a priori assumption of soil salinity or sodicity ef-
fects. Soil salinity and sodium content confer physio-chem-
ical properties that affect soil strength and water content 
(Agassi et al., 1994; Levy et al., 2003; She et al., 2015; 
Sumner, 1993; Tang et al., 2006). With the exception of so-
dium ions, an increase in soil water electrolytes is associated 
with the development of strong water-stable soil aggregates, 
which in turn (1) are less susceptible to slaking and detach-
ment by erosion and (2) facilitate infiltration, further reduc-
ing the ability of runoff water to detach and transport sedi-
ments (Agassi et al., 1994; Levy et al., 2003). However, an 
increase in sodium content has a detrimental effect on aggre-
gate strength through expansion and dispersion of soil clay 
particles, often leading to an increase in aggregate slaking, 
surface sealing, and increased runoff and erosion volumes 
(Levy et al., 2003; Sumner, 1993; Tang et al., 2006). 

Saline and sodic sites are not currently addressed by the 
RHEM model due to a lack of equations that specifically tar-
get these rangeland sites. In the original experimental data 
used in the development of RHEM, a saltbrush site near 
Meeker, Colorado, with soils of sodic parent material was 
found to be an outlier in the amount of erosion generated at 
the site compared to other study sites (Simanton et al., 1991). 
As an outlier, this site was later excluded in the development 
of RHEM (Nearing et al., 2011). Recent efforts to develop a 
process-based modeling framework to predict runoff, soil 
erosion, and salt load from saline rangelands of the UCRB 
has produced parameter estimation equations specific to sa-
line conditions (Cadaret et al., 2016a). Using experimental 
data collected at two saline sites in the UCRB, Cadaret et al. 
(2016a) proposed scaled versions of the traditional RHEM 
equations for effective soil hydraulic conductivity (Ke) and 
the sheet and splash erosion parameter (Kss). The work of 
Cadaret et al. (2016a) highlights observed differences in the 

hydrologic response of saline soils compared to the non-sa-
line and non-sodic soils represented in traditional RHEM 
equations but was of limited physiographic scope. 

The objective of this study was to (1) develop new pa-
rameter estimation equations for Ke and Kss from experi-
mental data collected across a broader physiographic scope 
than achieved by Cadaret et al. (2016a) and incorporate sa-
linity and sodicity dependent soil properties in these equa-
tions and (2) test the performance of these newly developed 
equations to predict runoff, soil loss, and salt load. 

METHODOLOGY 
EXPERIMENTAL DATA DESCRIPTION 

The data used in this study were collected as part of a 
broader effort to improve knowledge of water, sediment, and 
salt transport in the UCRB. A series of rainfall simulation 
experiments were conducted at sites in the UCRB that have 
been identified as high salt contributors to the river system. 
Data from rainfall simulation experiments at six salt-affected 
desert rangeland sites were used in this study (fig. 1). These 
data were collected during plot-scale rainfall simulation ex-
periments conducted between 2014 and 2016. Plots meas-
ured 6 m  2 m and were selected to be collectively repre-
sentative of the site being evaluated. At five of the six sites, 
intensities corresponding to 2, 10, 25, and 50-year storm re-
turn intervals were applied and replicated three times using 
one plot per replicate. At the sixth site, the research question 
pursued was to understand the link between vegetation cover 
and soil and salt transport on a gradient of vegetation cover. 
At this site, a unique 25-year return period rainfall intensity 
was used on four replicates of three vegetation cover catego-
ries, yielding a total of 12 plots. Overall, with 12 plots per 
site, a total of 72 rainfall simulations were run and used in 
this study. 

Rainfall simulations were performed with the Walnut 
Gulch Rainfall Simulator set at a nozzle pressure of 55 kPa 
and a height of 2.44 m (Paige et al., 2004). During each rain-
fall simulation experiment, runoff was conveyed in a super-
critical flume in which runoff stage was monitored with a 
flowmeter (Teledyne 4230, Isco, Inc., Lincoln, Neb.) and 
converted into runoff discharge using a calibrated stage-dis-
charge equation. Runoff discharge measurements made with 
the Teledyne 4230 flowmeter were available every 15 s and 
supplemented with manual measurements every 5 to 6 min 
throughout a rainfall simulation. These manual measure-
ments consisted of measuring the amount of time needed to 
fill a 3.8 L bucket and were used as verification of the auto-
matically measured runoff discharge. 

Runoff samples were collected in 1 L bottles every 3 min 
throughout each rainfall simulation and were used to deter-
mine sediment concentration by oven-drying at 105°C and 
weighing the amount of sediment contained in the sampled 
volume. These runoff and sediment data provided the instan-
taneous runoff discharge (qt) and sediment discharge rate 
(qst) at timed intervals used to determine the cumulative run-
off (SR) and total soil loss (SL) produced by each event. 

In addition, runoff water quality samples were collected 
in 50 mL vials every 1.5 min and analyzed in the laboratory 
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for the concentrations of various ions. Water quality samples 
were immediately refrigerated in the field and kept at 0°C 
until analysis in the laboratory. Measured ions were Cl-, 
SO4

2-, NO3
-, Ca2+, Mg2+, Na+, K+, and NH4

+. Cations Ca2+ 
and Mg2+ were quantified using atomic absorption spectros-
copy, while K+ and Na+ concentrations were measured by 
atomic emission spectroscopy using an atomic absorption 
(AA) spectrometer (PerkinElmer, Waltham, Mass.). A 
Lachat Quickchem Flow Injection Analysis+ instrument 
(Hach Co., Loveland, Colo.) was used to determine ammo-
nium (NH4

+) concentration. Anions (NO2-, NO3-, SO4
2-, and 

Cl-) in runoff water were measured using an ion chromato-
graph (IC) (Dionex Co., Sunnyvale, Cal.) with an AS18-4 
column. The total dissolved solids (TDS) is often used to 
measure water salinity. In this study, cumulative TDS was 
estimated as the sum (in mg L-1) of Cl-, SO4

2-, NO3
-, Ca2+, 

Mg2+, Na+, K+, and NH4
+ lost with the runoff water. 

Soil cores were collected at each site to determine specific 
soil physio-chemical properties before and after rainfall sim-
ulation. Pre-rainfall soil cores were taken outside of the rain-
fall simulation plots at random locations on a hillslope to be 
representative of initial conditions for multiple plots. Soil 
cores were collected using a 25 cm long AMS split core sam-
pler with a 5 cm inside diameter at three locations under the 
vegetation canopy and at three bare soil (interspace) loca-
tions. At each soil sample location, the soil cores were split 
into a surface sample and two subsurface samples (0 to 1 cm, 
1 to 5 cm, and 5 to 10 cm). Samples corresponding to each 
microsite (vegetation vs. interspace) were mixed to make 
one composite soil sample for each microsite. The soil sam-
ples were stored in plastic bags and refrigerated along with 
the water quality samples at 0°C. Soil chemistry was evalu-
ated by measuring soluble-phase cations and anions in soil 
solution extracted by immiscible displacement (Mubarak 

and Olsen, 1976). As with the runoff water quality, soil sol-
uble-phase cations were measured with the AA spectrome-
ter, while soluble-phase anions (NO2-, NO3-, SO4

2-, and Cl-) 
were measured with the Dionex IC with an AS11-HC col-
umn. Soil mineral N (NO2-, NO3-, and NH4

+) was extracted 
using 1.5 M KCl (Bundy and Meisinger, 1994) and quanti-
fied on the Lachat system. Measurements of pH and electri-
cal conductivity (EC) were performed on the soil solutions 
obtained by immiscible displacement. In this study, the so-
dium adsorption ratio (SAR) of the soil surface layer after 
rainfall was used to characterize the prevalence of sodium in 
the soil and was calculated with the following equation: 

 

 
+

2 2+

Na
SAR

1 Ca Mg2




 (1) 

where Na+, Ca2+, and Mg2+ are the concentrations of these 
respective ions (mmolc L-1). 

RHEM MODEL 
RHEM is a process-based model developed by the 

USDA-ARS to predict runoff and sediment yield on range-
lands. The first generation of this model, RHEM v1.0 (Near-
ing et al., 2011), was derived from the same scientific foun-
dation as the Water Erosion Prediction Project (WEPP; 
Flanagan and Nearing, 1995) but with cropland-specific 
equations replaced with new parameter estimation functions 
specifically developed from rangeland data. Data from a to-
tal of 204 experimental plots at 49 rangeland sites distributed 
across 15 states of the western U.S. were used in this first 
iteration of RHEM (Nearing et al., 2011). RHEM v1.0 used 
vegetation characteristics, soil properties, and topography to 
estimate hydraulic and hydrologic parameters, which were 
combined with climate or hydrologic input to drive a kine-

 

Figure 1. Map of the upper Colorado River basin (UCRB) in the U.S., showing the location of the six sites where rainfall simulation experiments 
were conducted to produce the data used in this study. 



1036  TRANSACTIONS OF THE ASABE 

matic wave model and solve for the sediment continuity 
equation. As in the WEPP model, RHEM v1.0 used the ex-
cess shear-stress concept to model concentrated flow ero-
sion. Subsequent improvements and adjustments to the 
model have resulted in the second generation of RHEM 
(v2.0 and currently v2.3, used in this study), which substi-
tuted the shear-stress concept with the stream power model 
for concentrated flow erosion prediction (Al‐Hamdan et al., 
2015). Major new scientific developments incorporated in 
RHEM v2.0 and higher versions include (Hernandez et al., 
2017): new equations to capture the effect of rangeland dis-
turbance on soil erosion and infiltration processes, a dy-
namic solution to the continuity equation to address the often 
observed decrease in soil erodibility with time after a dis-
turbance, and a framework to evaluate the runoff and erosion 
risks and benefits associated with disturbances such as fire, 
climate change, and rangeland management practices. 
RHEM is available as a freely available web interface that 
takes the following primary inputs: vegetation canopy cover 
by lifeform (i.e., annual grasses and forbs, shrubs, and sod 
grasses), and soil texture (based on the USDA classification) 
and slope to estimate hydraulic and hydrologic parameters, 
namely, effective hydraulic conductivity (Ke) and sheet and 
splash erodibility (Kss). These hydraulic parameters are then 
combined with climate information to run long-term hydro-
logic simulations and produce expected annual sediment 
yields and runoff volumes. Alternatively, RHEM can be ex-
ecuted off-line on a single rainfall event with a standalone 
desktop executable that applies the kinematic wave and sed-
iment continuity equations to a parameter file containing hy-
draulic and hydrologic parameters (including Ke and Kss) es-
timated using appropriate RHEM parameter estimation 
equations. In this single-event simulation approach, hydro-
logic input is provided as a time series of instantaneous rain-
fall intensities (mm h-1) in conjunction with hydraulic and 
hydrologic parameters to predict runoff discharge and sedi-
ment yield at the same temporal resolution. This single-event 
version of RHEM v2.3 was used in this study because it was 
suitable for (1) evaluating RHEM on rainfall simulation data 
and (2) applying optimization routines to develop new pa-
rameter estimation equations. 

RHEM CALIBRATION 
Six plots were selected at each experimental site, for a 

total of 36 plots, to calibrate RHEM for saline sites, ensuring 
that each intensity simulated at the site was represented at 
least once in the calibration dataset. The calibration was per-
formed in two steps to determine the best parameter sets for 
(1) runoff prediction and (2) soil loss prediction. The numer-
ical optimization was performed using a Markov Chain 
Monte Carlo (MCMC) method (NRCS, 2006) implemented 
in SPOTPY (Houska et al., 2015), a model optimization tool 
written in the Python programming language. 

To optimize runoff prediction, the RHEM parameters ad-
justed for each plot were the soil saturation ratio (SAT), the 
effective hydraulic conductivity (Ke, mm h-1), the mean ca-
pillary drive (G, mm), the variable (ALF) in the Smith-Par-
lange infiltration equation, and the coefficient of variability 
(CV) of the hydraulic conductivity. These parameters were 
estimated in a multi-objective optimization scheme in which 

errors in both total runoff (SR, L) and 1 min increment in-
stantaneous discharges (qt, mm h-1) were minimized 
throughout the rainfall event. The instantaneous discharges 
used as observations were interpolated from observed dis-
charges that may not systematically occur at exactly 1 min 
time increments and were compared to predicted discharges 
at the same time increments. This multi-objective optimiza-
tion procedure allowed the estimation of parameters that ad-
equately predicted SR while matching as closely as possible 
the detailed hydrograph of a rainfall event. 

For erosion prediction, the sheet and splash erodibility 
(Kss) was estimated using a separate multi-objective param-
eter optimization in which errors in total soil loss (SL, kg) 
and 1 min increment instantaneous sediment discharge rates 
(qst, g s-1) were minimized. For both runoff and soil erosion 
parameter estimations, the final selection of parameters was 
done for each calibration plot by choosing the set of param-
eters that simultaneously minimized the error in cumulative 
runoff and total soil loss (SR and SL) and belonged to the 
5% best performers in matching the detailed hydrograph and 
sedograph. A total of 36 parameter sets were produced, cor-
responding to the 36 calibration events. 

PARAMETER ESTIMATION EQUATIONS AND  
SALT LOAD PREDICTION ON SALINE SITES 

Parameter estimations equations have been developed for 
RHEM to translate soil biophysical characteristics into hy-
drology and hydraulics parameters. Currently, equations ex-
ist to estimate Ke, Kss, and the Darcy-Weisbach friction fac-
tor (F) from equations using ground and vegetation cover in-
formation as well as soil texture. For Ke and Kss, the current 
RHEM equations are: 

   exp basal littereK a b   (2) 

  ground cover foliar cover slope10 c d f g
ssK        (3) 

where coefficients a and b differ as a function of soil texture 
and vegetation community type (i.e., shrub, sod grass, bunch 
grass and forbs, and annual grass), while coefficients c, d, f, 
and g are functions of vegetation community type and 
ground cover. Basal, litter, ground cover, and foliar cover are 
expressed in areal fractions. Basal cover represents the pro-
portion of the soil surface that is in contact with the bases of 
plants. Litter cover is the proportion of the soil surface pro-
tected by detached vegetation residues. Ground cover is the 
sum of basal, litter, rock, and cryptogam cover. Foliar cover 
is the fraction of the land surface that is occupied by the pro-
jection of plant leaves onto the soil surface. 

Parameters a, b, c, d, f, and g were developed from a large 
dataset (more than 200 plots) of rainfall simulation experi-
ments across the western U.S. and represent a wide range of 
rangeland ecosystem types and conditions. 

In this study, the Ke and Kss values optimized using the 
MCMC routine (KeOpt and KssOpt) were compared to the 
values (KeRHEM, KssRHEM) predicted by the current ver-
sion of RHEM for the calibration plots. The differences (Ke 
and Kss) and ratios (rKe and rKss) between the optimized 
and RHEM-predicted values were calculated and related to 
soil biophysical characteristics and salinity. Linear regres-
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sions were performed between Ke, Kss, rKe, and rKss, and 
canopy cover, fraction of bare ground, sodium adsorption ra-
tio (SAR), electrical conductivity (EC), silt content, and 
slope. With a total of 36 calibration data points for this anal-
ysis, each explained variable was regressed against one ex-
planatory variable at a time to prevent over-parameterization 
and maintain adequate statistical power. 

From the linear regressions linking soil and vegetation at-
tributes to Ke and Kss differences and ratios, factors account-
ing for the gap between the RHEM-predicted and optimized 
Ke and Kss values were identified by selecting those exhibit-
ing statistically significant effects on Ke, rKe, Kss, and rKss. 
Factors with statistically significant effects were then evalu-
ated against current terms used in the RHEM parameter es-
timation equations (eqs. 2 and 3). Factors with statistically 
significant effects that were already present in equations 2 
and 3 suggest a modification of the coefficients applied to 
those terms in the equations. Factors not previously ac-
counted for in equations 2 and 3 are introduced as new terms 
according to the nature of their relationships with the 
RHEM-predicted parameters. For the statistical significance 
of a factor in the parameter differences (Ke and Kss), the 
new parameter (Kn) is calculated as: 

  RHEMn nK K AX B    (4) 

where X is one of the six factors (canopy cover, bare ground, 
SAR, EC, silt content, and slope), and A and B are significant 
coefficients of the linear regression where these factors have 
a significant effect. 

Likewise, when the ratios (rKe and rKss) exhibit a signifi-
cant effect of a given parameter, Kn is defined as: 

  RHEMn nK K AX B   (5) 

When more than one factor was found to have a statisti-
cally significant effect on a parameter Kn, the final correction 
equation retained was developed sequentially by first incor-
porating the factor with the highest R2, recomputing the Kn 
or rKn values, and relating these values to the subsequent fac-
tors to verify that any statistically significant effect re-
mained. For example, if bare ground had a statistically sig-
nificant effect on Ke and EC had a significant effect on rKe 
with R2

bare > R2
EC, then Ke would be corrected for bare 

ground first [Kebare = KeRHEM + (A  bare + B)], rKe would 
be recalculated as KeOpt / Kebare, and this new variable would 
be re-evaluated against EC to see if the initial statistical sig-
nificance remained. 

A predictive linear model was built with the calibration 
data between SL and TDS and tested on the validation data. 

EVALUATION OF PARAMETER ESTIMATION  
EQUATIONS AND SALT LOAD PREDICTION 

The performance of the adjusted parameter estimation 
equations (eqs. 4 and 5) was assessed by comparing erosion 
and runoff predictions with the amended parameters Kn to 
those obtained with equations 2 and 3. Model performance 
metrics used for this comparison are the coefficient of deter-
mination (R2), Nash-Sutcliffe efficiency (NSE), and percent 
bias (PBIAS): 
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where Yo, Yp, and Ylm are respectively the observed, RHEM-
predicted, and linear model prediction between Yo and Yp for 
runoff or soil loss, while Y̅o is the average of all observations. 

These performance metrics were calculated for the 36 cal-
ibration data points and the 36 validation data points. The 
linear model for salt load prediction was also evaluated with 
these performance metrics. Figure 2 shows a flowchart of the 
experimental data, describes its content, and illustrates how 
it was used to develop and test the new parameter estimation 
equations. Additionally, Welch’s t-test was used to compare 
the validation and calibration data to ensure equal means of 
input parameters between these two populations. Statistical 
analyses were conducted in R (R Development Core Team, 
2015), and a probability of 0.05 was used as threshold of sta-
tistical significance. 

SENSITIVITY ANALYSIS OF NEW  
Ke AND Kss EQUATIONS 

A sensitivity analysis was performed on the newly devel-
oped Ke and Kss equations using a Monte Carlo method (Her-
nandez et al., 2017). This analysis consisted of perturbing 
the new coefficients that were introduced into equations 2 
and 3 to improve the Ke and Kss predictions for saline soils 
and then evaluating the effect of these perturbations on run-
off and soil loss predictions. For a given coefficient, in either 
the Ke or Kss equation, a total of 2,000 Monte Carlo simula-
tions were performed during which the value of the coeffi-
cient was randomly changed between its average value () 
and 0.5, with an increment of /200. At each Monte Carlo 
iteration, the runoff or soil loss data (depending on whether 
Ke or Kss was evaluated) were saved and compared to the 
predicted runoff or soil loss data when  was used in the 
corresponding parameter estimation equation. 

RESULTS 
CALIBRATION OF RHEM Ke AND Kss  
FOR SALINE SITES 

Figure 3 shows that the distributions of slope, canopy 
cover, bare ground, rainfall intensity, EC, and SAR were 
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similar across the calibration and validation data. Welch’s  
t-test on each of these input parameters revealed p-values 
systematically greater than 0.05, suggesting that mean pa-
rameter values were statistically identical across the calibra-
tion and validation data. Figures 4 and 5 show the results of 
the runoff and soil loss prediction on the 36 calibration data 
points using equations 2 and 3 to estimate Ke and Kss. The 
NSE and R2 values for runoff were 0.56 and 0.68, respec-
tively, suggesting that the relationships between soil bio-
physical properties and Ke represented in equation 2 were 
roughly consistent with the observed patterns in runoff and 
infiltration at the experimental sites. Equation 2 underpre-
dicted Ke, resulting in a positive bias in predicted cumulative 
runoff depths (predicted runoff > observed runoff, PBIAS = 
32.03%). Soil loss was predicted with an NSE of 0.81 and 
R2 of 0.85, with a negative bias (PBIAS = -6.47%). This neg-
ative bias in soil loss prediction contrasts with the positive 
bias in runoff noted in figure 4, which indicates an underpre-
diction of soil erodibility. 

The differences and ratios between numerically opti-
mized and RHEM-estimated Ke and Kss (with eqs. 2 and 3) 
are related to the soil and vegetation factors in table 1. Bare 
ground fraction was the main soil factor that displayed a sta-

tistically significant relationship with Ke values (p = 0.01). 
As bare ground increased, the difference between optimized 
and RHEM-predicted Ke (eq. 2) values decreased. The ratio 
(rKe) of optimized to RHEM-predicted Ke exhibited statisti-
cally significant and positive correlations with canopy cover 
and electrical conductivity (p = 0.015 and 0.027, respec-
tively). The performance of Ke values corrected for these sta-
tistically significant parameters on the calibration data are 
shown in table 2. For the calibration data, bare-ground-ad-
justed Ke values using equation 4 improved |PBIAS|  
(|-7.89%| < |32.02%|) and NSE (0.64 > 0.56) while maintain-
ing predictive power (R2 = 0.68) compared to the perfor-
mance obtained with equation 2. Correcting Ke for the effect 
of EC on rKe with equation 5 also yielded improved perfor-
mance (NSE = 0.74, R2 = 0.76, and PBIAS = -6.13%) com-
pared to equation 2. The correction of Ke for the effect of 
canopy cover improved NSE (0.67) and R2 (0.76) but did not 
substantially affect PBIAS (27.27%). 

The current Ke estimation equation in RHEM (eq. 2) is a 
function of the sum of basal cover and litter cover and thus 
an inverse function of bare ground. Our finding of a signifi-
cant relationship between Ke and bare ground suggests that 
coefficient b in equation 2 did not adequately predict hydrau-

 

Figure 2. Flowchart of experimental data used for development and validation of new parameter estimation equations on saline sites. 
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lic conductivity on the saline sites in this study and thus re-
quired further adjustments. An MCMC optimization proce-
dure was performed on coefficient b, which yielded a new 
coefficient: b = 1.55b. Correcting KeRHEM values for the 
effect of bare ground using b instead of b nullified the sta-
tistical effect of canopy cover and EC on the newly com-
puted rKe (R2 = 0.01 and p = 0.637 for canopy cover, and 
R2 = 0.10 and p = 0.068 for EC). Canopy cover and EC were 
then dropped from the analysis as potential factors influenc-
ing Ke. The new equation for Ke is then: 

   exp 1 554 basal littereK a . b   (9) 

The performance of equation 9 on the calibration data was 
overall better than that of the additive correction model for 
bare ground (table 2), with NSE = 0.73, PBIAS = 6.93%, and 
R2 = 0.74. 

Differences and ratios between the optimized and 
RHEM-predicted Kss values show significant effects only for 
SAR (table 1). The values of Kss and SAR are related 
through a positive relationship (R2 = 0.26, p = 0.002), while 

Figure 3. Distribution of slope, canopy cover, bare ground, and rainfall intensity across plots used for calibration and validation data showing the 
results of Welch t-test means comparison (t = Welch t statistic, df = degree of freedom, and p = p-value). Statistically significant differences are 
defined at p < 0.05. 
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rKss relates to SAR with much less predictability (R2 = 0.13, 
p = 0.042). Correcting RHEM Kss values for SAR with both 
the additive (eq. 4) and multiplicative (eq. 5) models resulted 
in an improvement of NSE (0.94 and 0.89 vs. 0.81) and R2 
(0.94 and 0.93 vs. 0.85) for soil loss prediction compared to 
the current RHEM Kss estimation equation (table 2). While 
 

the bias achieved with the additive model (PBIAS = 4.25%) 
matched that achieved with equation 3, a greater bias was 
noted when the multiplicative model was used for Kss cor-
rection (PBIAS = 17.18%). The additive model was then re-
tained to adjust Kss for SAR. 

 

Figure 4. Observed versus predicted runoff for 36 rainfall simulation calibration plots using the current and the newly developed estimation 
equations for hydraulic conductivity (Ke). 

 

 

Figure 5. Observed versus predicted soil loss for 36 rainfall simulation calibration plots using the current and the newly developed estimation 
equations for sheet and splash erodibility (Kss). 

Table 1. Linear regressions of explanatory variables (canopy, bare ground, sodium adsorption ratio, silt content, and slope) against differences 
and ratios between numerically optimized and predicted effective hydraulic conductivity (KeOpt and KeRHEM, respectively) and sheet and splash 
erodibility (KssOpt and KssRHEM, respectively). Predicted KeRHEM and KssRHEM were calculated from parameter estimation equations of the 
Rangeland Hydrology and Erosion Model (RHEM v2.3). Coefficients in bold are statistically different from zero at 95% confidence level. 

X KeOpt  KeRHEM KeOpt / KeRHEM KssOpt  KssRHEM KssOpt / KssRHEM 
Canopy 0.315X + 1.818 

R2 = 0.11, p = 0.057 
0.097X + 1.166 

R2 = 0.18, p = 0.015 
309.571X + 1628.354 
R2 = 0.02, p = 0.429 

-0.010X + 1.358 
R2 = 0.01, p = 0.585 

Bare ground -0.117X + 13.058 
R2 = 0.19, p = 0.010 

0.004X + 2.204 
R2 = 0.00, p = 0.747 

45.870X + 3303.325 
R2 = 0.01, p = 0.679 

0.000X + 1.240 
R2 = 0.00, p = 0.943 

Sodium adsorption ratio -0.114X + 7.883 
R2 = 0.05, p = 0.233 

0.028X + 1.967 
R2 = 0.05, p = 0.231 

642.452X  4672.942 
R2 = 0.26, p = 0.002 

0.021X + 0.876 
R2 = 0.13, p = 0.042 

Electrical conductivity -0.245X + 6.692 
R2 = 0.00, p = 0.716 

0.365X + 1.624 
R2 = 0.15, p = 0.027 

2722.687X  392.805 
R2 = 0.10, p = 0.071 

0.001X + 1.214 
R2 = 0.00, p = 0.992 

Silt content -0.084X + 10.437 
R2 = 0.04, p = 0.282 

0.026X + 1.143 
R2 = 0.06, p = 0.167 

37.804X + 3981.435 
R2 = 0.00, p = 0.835 

-0.012X + 1.827 
R2 = 0.06, p = 0.172 

Slope 0.207X + 2.480 
R2 = 0.04, p = 0.256 

0.026X + 1.950 
R2 = 0.01, p = 0.592 

447.590X  2273.502 
R2 = 0.03, p = 0.325 

0.021X + 0.840 
R2 = 0.04, p = 0.296 
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VALIDATION OF THE NEW Ke AND Kss  
EQUATIONS FOR SALINE SITES 

Table 2 and figures 6 and 7 show the results of the runoff 
and soil loss prediction with the new Ke and Kss equations on 
the 36 validation plots. The Ke values estimated with equation 
9 predicted runoff on the 36 validation plots with slightly im-
proved NSE (0.88) and R2 (0.89) over the original RHEM equa-
tion (eq. 2) (NSE = 0.83 and R2 = 0.85). The runoff prediction 
bias was substantially improved for these validation plots, drop-
ping from PBIAS = 12.05% with equation 2 to PBIAS = 5.41% 
when the newly developed equation 9 was used. 

The sheet and splash erodibility (Kss) was reasonably pre-
dicted on the validation data when SAR was added to the Kss 
prediction. Compared to the original Kss equation, the use of 
the SAR-adjusted Kss equation improved soil loss prediction 
from NSE = 0.38, R2 = 0.6, and PBIAS = -24.25 to NSE = 
0.69, R2 = 0.73, and PBIAS = -3.82% (fig. 7). Nevertheless, 
the validation NSE (0.69) and R2 (0.73) declined compared 
to the calibration performance (NSE = 0.94 and R2 = 0.94) 
due to increased error propagation from runoff prediction to 
soil loss estimates in the validation data. In effect, calibrated 
Ke values were used in the estimation of soil loss for evalu-

 

Figure 6. Observed versus predicted runoff for the 36 validation data points using the current and the newly developed estimation equations for
the hydraulic conductivity (Ke). 

 

 

Figure 7. Observed versus predicted soil loss for the 36 validation data points using the current and the newly developed estimation equations for 
sheet and splash erodibility (Kss). 

Table 2. Nash-Sutcliffe efficiency (NSE), percent bias (PBIAS), and coefficient of determination (R2) of RHEM prediction with parameter 
estimation equations for hydraulic conductivity (Ke) and sheet and splash erodibility (Kss) corrected for bare ground percentage (Bare), electrical 
conductivity (EC), and sodium adsorption ratio (SAR) through linear functions f. 

  

Calibration 
 

Validation 
NSE PBIAS (%) R2 NSE PBIAS (%) R2 

Runoff Ke = KeRHEM + f(Bare) 0.64 -7.89 0.68  0.85 -16.03 0.88 
Ke = KeRHEM = G(Bare)[a] 0.73 6.93 0.74  0.88 5.41 0.89 

Ke = KeRHEM  f(EC) 0.74 -6.13 0.76  0.84 -17.15 0.88 
Ke = KeRHEM  f(Canopy) 0.67 27.27 0.76  0.75 15.86 0.77 

Soil loss Kss = KssRHEM + f(SAR) 0.94 4.25 0.94  0.69 -3.82 0.73 
Kss = KssRHEM  f(SAR) 0.89 17.18 0.93  0.83 6.04 0.83 

[a] KeRHEM is an update of KeRHEM as a non-linear function G of bare ground with re-estimated bare ground coefficient using Markov Chain Monte 
Carlo parameter estimation. 
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ating Kss on the calibration data, while estimates of Ke from 
equation 9 were used for the validation data. The percent 
bias of the additive Kss model was maintained within the 
same order of magnitude across the calibration and valida-
tion data (PBIAS = 4.25% for the calibration data and  
-3.82% for the validation data). 

EFFECT OF SODICITY ON PERFORMANCE 
Figure 8 compares the performance of the original and 

newly developed Ke estimation equations in predicting run-
off volumes when the experimental data were divided into 
non-sodic (SAR  15, fig. 8a) and sodic (SAR > 15, fig. 8b) 
soils. Overall, equation 2 performed similarly for sodic and 
non-sodic soils but with a stronger positive bias for non-
sodic soils. NSE values were similar at 0.69 and 0.70 for 
non-sodic and sodic soils, respectively, as were R2 values 
(0.77 and 0.78, respectively). However, PBIAS values were 
much higher for non-sodic soils (40.87%) compared to sodic 
soils (11.82%). The use of the saline Ke equation (eq. 9) re-
sulted in a dramatic improvement in runoff prediction per-
formance for non-sodic soils, with NSE = 0.81, PBIAS = 
5.50%, and R2 = 0.82, whereas improvements for sodic soils 
were milder (NSE = 0.75, PBIAS = 6.43, and R2 = 0.78). It 
is important to note that runoff from sodic soils was higher 
on average than runoff from non-sodic soils (403 L 104 L 

vs. 198 L 209 L), and this difference in hydrologic response 
may have contributed to the observed difference in perfor-
mance of the Ke estimation equations across soil sodicity. 

Compared to the original RHEM Kss equation (eq. 3), us-
ing the Kss values estimated by the SAR-adjusted equation 
markedly improved soil loss prediction for sodic soils. For 
these soils, the NSE, R2, and PBIAS improved from 0.46, 
0.77, and -24.37%, respectively, with equation 3 to 0.87, 
0.89, and -5.32%, respectively, with the SAR-adjusted equa-
tion (fig. 9). However, for non-sodic soils, the improvements 
were marginal, with NSE, R2, and PBIAS changing from 
0.45, 0.55, and 38.49% to 0.46, 0.57, and 35.46%, respec-
tively. This result suggests that the new Kss equation pro-
vided improvements mostly on sodic sites but did not ad-
versely impact soil loss prediction on non-sodic sites. 

SALT LOAD PREDICTION 
The relationship between soil loss and TDS is shown in 

figure 10. The linear model was adequate to predict runoff 
chemistry from its sediment concentration (R2 = 0.94). TDS 
was related to SL through a positive relationship. Based on 
the equation of the linear model in figure 10, a 1 kg change 
in total soil loss resulted in a 2.36 g change in TDS (p = 
0.00). In other words, the average salt to sediment mass ratio 
of the runoff was 2.36  10-3 g g-1, or 0.24%. The non-zero 

 
(a) 

 
(b) 

Figure 8. Observed versus predicted runoff for (a) non-sodic soils (n = 36) and (b) sodic soils (n = 36). 
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intercept of the linear model was not statistically significant. 
The equation used for predicting TDS from soil loss was 
therefore: 

 TDS 2 36 SL 0 99. .    (10) 

Figure 11 shows that equation 10 performed well in pre-

dicting TDS when RHEM-predicted SL values were used on 
the calibration data (fig. 11a) and the validation data  
(fig. 11b). The improvement in soil loss prediction with the 
use of the newly developed saline equations was reflected in 
the TDS predictions as well. For the calibration data, NSE 
and R2 improved from 0.75 and 0.83, respectively, with the 

 
(a) 

 
(b) 

Figure 9. Observed versus predicted soil loss for (a) non-sodic soils and (b) sodic soils. 
 

 

Figure 10. Relationship between cumulative soil loss and cumulative dissolved solids measured in runoff. 
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original Ke and Kss equations to 0.90 and 0.91, respectively, 
with the saline equations developed in this study. PBIAS was 
overall low but showed a mild improvement from -6.34% to 
4.16%. For the validation data, a more dramatic improve-
ment was noted for the NSE, which increased from 0.43 with 
the original Ke and Kss equations to 0.83 with the saline equa-
tions. The R2 value improved from 0.51 to 0.61, while 
PBIAS degraded from -6.29% to 23.18%. Soil loss predicted 
with the new Ke and Kss equations underestimated the ob-
served SL values, especially in the high SL range (fig. 7). 
These findings contrast with the overestimation of TDS 
shown in figure 11b when the new Ke and Kss equations were 
used on the validation data, suggesting that this overpredic-
tion might be the result of the inherent variability in the run-
off chemistry data. 

SENSITIVITY ANALYSIS 
Figures 12 and 13 show the results of the sensitivity anal-

ysis performed on the newly developed Ke and Kss models. 
Changes in parameter b (b = 1.55b) in equation 9 were in-
versely related to average changes in runoff amounts. In-
creases in b are associated with an increase in hydraulic con-
ductivity and thus an increase in total infiltration. As illus-

trated by the slope of the linear regression in figure 12, a 1% 
change in b resulted in a 0.3% change in runoff volume. 
These values suggest a marginal effect of uncertainty in b 
on the overall performance of equation 9 in predicting run-
off, in contrast with the substantial improvement in perfor-
mance (NSE increased by 30% and 6%, and |PBIAS| im-
proved by 25.10 and 6.64 points for the calibration and val-
idation data, respectively), when this new equation was used 
rather than equation 2 to predict Ke. The non-linear shape of 
the upper and lower 95% confidence bounds suggests that 
the sensitivity to b is also a function of ground cover (plots 
with low ground cover are less affected by perturbations in 
b than plots with high ground cover). 

Changes to the SAR coefficient in the additive Kss correc-
tion model (eq. 4) were also linearly related to average 
changes in total soil loss. In the case of soil loss, a low soil 
loss sensitivity to perturbations in the SAR coefficient was 
noted. A 1% change in the SAR coefficient yielded a 0.24% 
change in total runoff, in contrast with the notable improve-
ments in prediction performance observed when Kss estima-
tions included the SAR term (NSE increased by 16% and 
82%, and |PBIAS| improved by 2.22 and 20.43 points for the 
calibration and validation data, respectively). As in the case 

 
(a) 

 
(b) 

Figure 11. Observed versus predicted total dissolved solids (TDS) for (a) the 36 calibration data points and (b) the 36 validation using the current 
and newly developed estimation equations for Ke and Kss. 
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of Ke, the upper and lower 95% confidence bounds are non-
linear and suggest a sensitivity function that varies with soil 
SAR. 

DISCUSSION 
INFILTRATION RATE ON SALINE SITES 

In this study, we found that hydraulic conductivity values 
for saline sites were higher than those predicted by the cur-
rent RHEM equations. A combination of factors could ex-
plain the higher infiltration rates observed on the saline sites 
compared to those predicted by RHEM. RHEM was devel-
oped from rainfall experiments conducted with a rotating 
boom simulator (e.g., Nearing et al., 2011; Simanton et al., 
1991), while the experiments conducted in this study used 
the Walnut Gulch Rainfall Simulator (Paige et al., 2004). Po-
tential variations in simulated raindrop size and kinetic en-
ergy between these two types of simulators could cause var-
iations in infiltration response. At the same rainfall intensity, 
a more energetic event (larger droplet sizes) could result in 
rapid development of surface seal and a decrease in infiltra-

tion rate (e.g., Abrol et al., 2016; Romkens et al., 1990; 
Shainberg et al., 2003). Nevertheless, no data exist in the lit-
erature that compare simulated rainfall energy profiles be-
tween these two simulators. Another possible reason for a 
higher infiltration rate on the saline sites pertains to the 
physio-chemical effects of solute concentration on aggregate 
stability (Levy et al., 2003). The effects of solute concentra-
tion on soil hydraulic properties depend on the ions present 
in the solution and the soil (especially clay) mineralogy 
(Levy et al., 2003; She et al., 2015). Overall, an increase in 
solute concentration (excluding sodium) is associated with 
the development of strong water-stable aggregates and in-
creased macroporosity, which in turn facilitate water move-
ment through the soil profile (e.g., Agassi et al., 1994; Levy 
et al., 2003). Conversely, an increase in the proportion of so-
dium ions in the electrolyte mix exacerbates aggregate slak-
ing, with potentially adverse effects on infiltration rate (Levy 
et al., 2003; She et al., 2015). 

We found that runoff prediction was improved by equa-
tion 9 compared to equation 2 for both sodic and non-sodic 
soils, suggesting that the amplified Ke estimation in equa-

 

Figure 12. Average percent change in cumulative runoff volume as a function of disturbance in the calibrated b for basal and litter cover in the 
hydraulic conductivity estimation equation. The average value of b was 1.55, and basal and litter covers ranged from 0% to 78% and from 0%
to 97%, respectively. 

 

 

Figure 13. Average percent change in soil loss prediction as a function of changes in the sodium adsorption ratio (SAR) coefficient in sheet and 
splash erodibility (Kss) prediction. The average value of the SAR coefficient was 642.4, and SAR values ranged from 0.07 to 56.4. 
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tion 9 also applied to sites where sodium content was high. 
Nevertheless, litter and basal cover was lower on average at 
sodic sites than at non-sodic sites (fig. 14), which may have 
limited potentially adverse influences of the coefficient b = 
1.55b in equation 9 on Ke estimation for sodic sites. 

SOIL EROSION AND SODICITY 
Soil erosion prediction was greatly improved by the in-

clusion of SAR in the sheet and splash erodibility estimation 
equation. In our study, soils high in sodium content (SAR > 
15) benefited the most from the Kss adjustment for SAR. 
Sodic soils are susceptible to clay swelling and dispersion 
when the total aqueous electrolyte concentration is below a 
critical flocculation concentration threshold (Sumner, 1993). 
An increase in dispersion not only increases runoff volumes 
through lowering of hydraulic conductivity and crust for-
mation but also results in increased aggregate slaking, de-
tachment by raindrop impact, and transport in runoff (Levy 
et al., 2003; Sumner, 1993; Tang et al., 2006). Simanton et 
al. (1991) described a rainfall simulation site in salt desert 
shrubs with a highly erodible soil surface marked by visible 
rills and measured excessive erosion rates compared to ex-
perimental sites in other rangeland communities. Soil at this 
highly erodible experimental site was mapped as Degater 
soil series (fine, smectitic, mesic Ustic Haplocambids) with 
a silty clay texture and mapped SAR values ranging from 3 
at the surface to 20 at 0.60 m depth. The mapped SAR values 
for this site are similar to some of the sites classified as sodic 
in the current study, which likely explains the excessive ero-
sion rates measured by Simanton et al. (1991). When a con-
servative SAR value of 10 is assumed for this site (which is 
lower than the SAR > 15 used elsewhere in this study), pre-
dicted soil loss estimates for two plots at the Simanton et al. 
(1991) site under very wet initial conditions were 7.16 and 
4.95 kg with the SAR-adjusted Kss equation and 3.32 and 
2.46 kg with the original Kss equation (eq. 3). The SAR-ad-
justed soil loss prediction was closest to the observed soil 
loss values of 10.55 and 3.38 kg. 

SALT LOAD PREDICTION IN RUNOFF 
Early efforts to predict salt load in runoff have identified 

a close association between dissolved solids and transported 

sediments (Evangelou, 1981; Laronne and Shen, 1982; 
Ponce et al., 1975). Laronne and Shen (1982) mentioned the 
possibility of developing a predictive tool based on the re-
gression between runoff solute content and sediment con-
centration. These early observations are consistent with the 
strong linear relationship between cumulative soil loss and 
TDS found in this study. Salts are picked up in runoff by the 
same mechanisms that detach and transport sediments, mak-
ing sediment a strong predictor of runoff salt load. The initial 
attempt by Laronne and Shen (1982) to relate runoff salinity 
to runoff flow unit power (a function of discharge and slope) 
was improved and generalized with the use of the process-
based model RHEM, which successfully captured the effects 
of various soil biophysical factors and topography on the 
susceptibility of modeled hillslopes to produce sediments, 
runoff, and salts. This model can now be used by land and 
resource managers as an effective tool to assess the salt load 
potential from saline hillslopes. 

CONCLUSIONS 
Parameter estimation equations have been developed to 

predict soil effective hydraulic conductivity (Ke) and sheet 
and splash erodibility (Kss) on saline and sodic rangelands. 
Effective hydraulic conductivity on these sites was underes-
timated by the current RHEM Ke estimation, which required 
a magnified ground cover effect in the Ke estimation equa-
tion to accurately predict runoff on saline rangelands. The 
NSE, R2, and PBIAS values for runoff improved from 0.56, 
0.68, and 32.03%, respectively, to 0.73, 0.74, and 6.93% for 
the 36 calibration data points when the current Ke estimation 
equation was replaced with the updated Ke equation. The im-
proved performance of the newly developed Ke estimation 
equation over the current Ke equation was maintained for the 
36 validation data points used in this study. For these valida-
tion points, NSE and R2 were mildly improved (0.83 and 
0.85 vs. 0.88 and 0.89), while PBIAS showed a more sub-
stantial improvement from 12.05% to 5.41%. Soil loss pre-
diction was significantly affected by soil SAR. 

The current Kss estimation equation used in RHEM was 
inadequate at predicting soil loss, especially on sodic sites 
(SAR > 15). Across all calibration data (sodic and non-
sodic), the original Kss equation yielded NSE, R2, and PBIAS 
on soil loss prediction of 0.81, 0.85, and -6.47%, respec-
tively, while the SAR-adjusted Kss equation developed in 
this study yielded values of 0.94, 0.94, and 4.25% for these 
performance measures. Performance on the validation data 
improved from NSE = 0.38, R2 = 0.60, and PBIAS =  
-24.25% to NSE = 0.69, R2 = 0.73, and PBIAS = -3.82% 
when the original Kss estimation equation was replaced with 
the SAR-adjusted equation developed in this study. Perfor-
mance improvement with the integration of SAR into the Kss 
estimation was dramatic on sodic soils but marginal on non-
sodic soils. Conversely, the newly developed Ke estimation 
equation resulted in substantial runoff prediction improve-
ments on non-sodic soils, while sodic soils experienced only 
mild improvements. Salt load was related to soil loss through 
a strong linear model (R2 = 0.94), which performed well in 
estimating runoff salt load from RHEM-predicted soil loss 

Figure 14. Distribution of the sum of basal and litter cover at sodic and 
non-sodic experimental sites. 
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(NSE = 0.90, R2 = 0.91, and PBIAS = 4.16% for the calibra-
tion data and NSE = 0.83, R2 = 0.61, and PBIAS = 23.18% 
for the validation data). Sensitivity analyses on the Ke and 
Kss equations developed in this study revealed low sensitiv-
ity of runoff and soil prediction to input parameter predic-
tion, in contrast with the sizable improvement in prediction 
performance due to these newly developed equations. 
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