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A B S T R A C T   

The capability of hydrologic models to spatially simulate the changes in hydrologic processes, like precipitation, 
is an important consideration in capturing the impacts of these processes on sediment prediction across the 
domain. Radar-derived precipitation (RDP) provides an enhanced detail of rainfall characteristics in time and 
space compared to estimates from rain-gauge precipitation (RGP) commonly used in hydrologic modeling. 
However, the impacts of these datasets on sediment fate and transport depend on how sediment sources were 
conceptualized in the model. This paper developed a modeling framework to simulate sediment transport from 
upland to the stream and to the outlet of the watershed based on a gridded conceptualization and to examine the 
impacts of RGP and RDP with different types of sediment sources on sediment prediction. The Water Erosion 
Prediction Project (WEPP) model was used to estimate daily sediment sources in a semi-distributed and fully 
distributed manner using the hydrologic model, MIKE SHE and MIKE 11. Model comparison was performed in a 
watershed in Illinois characterized by a dominant agricultural landscape. The results indicated that the use of 
RDP only ensured better model performance for sediment yield with the fully distributed sediment source. That 
is, combining both the ability of the RDP to capture the spatial variability of rainfall across the watershed and 
assessing sediment production at higher resolution improved the accuracy of predictions in sediment yield while 
decreasing uncertainties associated with sediment simulations. Advancing modeling capabilities will require the 
development of new modeling platforms that aim to seamlessly integrate large-scale distributed simulations and 
environmental input data at finer spatial resolutions.   

1. Introduction 

It is widely known that the integration of the spatio-temporal char
acteristics of precipitation in distributed hydrologic models is funda
mental to advance the predictions of flow and transport phenomena at a 
watershed scale. Rainfall is a crucial variable in hydrologic modeling, 
and its misrepresentation in time and space may result in the inaccurate 
convolution of subsequent processes related to water quantity and 
quality (Chaplot et al., 2005; Wei et al., 2009). As an example, sediment 
load and its associated transport of organic and inorganic compounds 
are source-dependent (Syvitski et al., 2000), highlighting the impor
tance of the distributed simulation of the major drivers controlling soil 
erosion. In particular, detailed rainfall characteristics across a watershed 
may help improve the capacity of hydrologic models to represent better 
sediment sources, surface routing, and the expected suspended load in 
streams (Chaplot et al., 2005; Usón and Ramos, 2001). However, the 
capability of hydrologic models to spatially simulate the changes in 
hydrologic processes, like precipitation, is an important consideration in 

capturing the impacts of these changes on sediment prediction across the 
domain. Above all, simulating sediment production and transport using 
distributed models to fully capture precipitation’s spatial variability is 
crucial in developing a holistic sediment prediction scheme. 

It is apparent that the spatial variability of precipitation and sedi
ment production poses a challenge in predicting sediment transport due 
in part to the uncertainties brought by how these two processes are 
represented in space and their complex interactions. There have been 
previous research efforts to improve sediment predictions from lumped 
or semi-distributed models using spatially varied precipitation. As an 
example, radar-derived precipitation (RDP) has been used in predicting 
soil loss using either the Universal Soil Loss Equation (USLE; Wischmeier 
and Smith, 1978) or the Water Erosion Prediction Project (WEPP) model 
(Flanagan and Nearing, 1995). Fischer et al. (2018) utilized RDP in the 
USLE model to minimize the error arising from input data. However, the 
disagreements from the prediction were still observed due mainly to 
parameterization in that the parameters such as management factors do 
not reflect inter-annual variations. To reflect realistic field conditions, 
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RDP and remotely sensed parameters were used in predicting soil loss 
using the Water Erosion Prediction Project (WEPP) model (Gelder et al., 
2018). However, soil loss in this study was reported only as average 
annual hillslope erosion or sediment yield (sheet/rill), not including 
ephemeral gully soil erosion at a sub-catchment scale (90 km2) and 
sediment transport between the sub-catchments was not considered and 
thus the validation of the model could not be provided. In addition, to 
capture the spatial variability of rainfall, RDP had been used to estimate 
areal precipitation in the semi-distributed models (e.g. SWAT model) for 
predicting sediment yield (Di Luzio and Arnold, 2004; Gao et al., 2017; 
Kalin and Hantush, 2006). However, the impacts of the use of RDP in 
semi-distributed models for sediment predictions were not discussed. To 
better represent the spatial distribution of eroded soil and its transport, 
soil erosion should be evaluated at a finer scale that can reflect fine 
resolution input data used in the model. That is, the use of RDP does not 
guarantee a better sediment prediction if the soil loss was predicted at a 
coarser level. However, none of the current studies evaluated the im
pacts of the use of RDP on sediment prediction in fully distributed 
settings. 

In this study, we hypothesized that distributed precipitation will 
improve sediment prediction only if sediment sources are spatially 
distributed. Specifically, we explored the following hypotheses, to 
examine the impacts of distributed and semi-distributed sediment 
sources on sediment predictions under RDP and rain-gauge precipitation 
(RGP):  

1. The improved streamflow predictions that stemmed directly from 
RDP would improve sediment transport and yield predictions.  

2. The spatial variations in precipitation would improve sediment 
transport predictions regardless of streamflow predictions.  

3. The use of RDP would improve sediment predictions only where 
sediment sources are spatially distributed. 

We developed four models to simulate sediment transport from up
land to the stream and to the outlet of the watershed using gauged and 
radar precipitation in combination with a gridded conceptualization 
(distributed) and sub-catchments level discretization (semi-distributed) 
sediment sources. The simulation results based on these four models 

were compared and examined to test each hypothesis. 

2. Methodology 

2.1. Model description 

The study area is an intensively-managed agricultural watershed in 
central Illinois, with an area of approximately 660 km2 (Fig. 1). The 
watershed is located in a temperate climate zone, receiving a total 
annual average rainfall of 1,000 mm (IEPA, 2007). The topography of 
the watershed is relatively flat, with an average slope of 1%, and most of 
the land is used for row crops (90%). In this watershed, the four separate 
models were developed for continuous, multiannual simulations in an 
agricultural watershed to incorporate the three hypotheses. To deter
mine whether hypotheses 1 and 2 are acceptable, the RDP and RGP were 
separately assigned as Radar and Gauge (Table 1). The RDP was assigned 
based on the National Weather Service/National Centers for Environ
mental Prediction (NWS/NCEP) stage IV QPE (Lin, 2011), while the RGP 
was simulated based entirely on precipitation from rain gauges (Rantoul 
and Normal) using Thiessen polygon (Fig. 1a). Note that the NCEP stage 
IV product is a CONUS QPE 4 km grid precipitation collected from the 
National Oceanic and Atmospheric Administration (NOAA) River 
Forecast Centers. To determine whether hypothesis 3 is valid, the sedi
ment source across the watershed was estimated using the WEPP model 
and the semi-distributed and distributed sediment sources were esti
mated at sub-catchment and grid levels, respectively. The watershed 
was discretized into 300-m grid cells and 49 sub-catchments (Fig. 1b) in 
the distributed and semi-distributed models, respectively, for sediment 
sources (Table 1). To simulate the fate and transport of sediment across 

Fig. 1. Study area with (a) the spatial distribution of average total annual precipitation estimates by radar from 2013 to 2019 across the watershed including radar 
sites (KILX and KLOT) and (b) 49 sub-catchments used for semi-distributed sediment source prediction (for model ID: S-R and S-G). P values near the rain gauges 
indicate average total annual precipitation estimated by point observations from 2013 to 2019. 

Table 1 
Different types of inputs used in four separate models.  

Model ID Sediment source Precipitation 

D-R Distributed Radar 
D-G Distributed Gauge 
S-R Semi-distributed Radar 
S-G Semi-distributed Gauge  
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the watershed, the fully distributed hydrologic model, MIKE-SHE, 
coupled with the one-dimensional hydrodynamic river model, MIKE 
11 (Refsgaard and Storm, 1995) was used. 

2.1.1. Precipitation impacts 
To determine whether or not spatially varied precipitation can 

improve sediment predictions (hypothesis 1 and 2), two sets of precip
itation data were used to quantify the differences of simulation results in 
streamflow and sediment discharges. The hydrologic models commonly 
represent precipitation as time-dependent areal variables in which 
precipitation is linked to the nearest station-based observation. This 
variable is commonly interpolated from neighboring stations, statisti
cally estimated using intensity–durationfrequency curves, or defined as 
an areal partition using Thiessen polygons, also known as the Dirichlet/ 
Voronoi polygons. The use of areal precipitation estimates may result in 
the misrepresentation of sediment prediction on a mesoscale analysis 
(hr-day, and 2–2000 km distance; Orlanski, 1975) due to the coarse 
granularity of available gauge networks (Pathak and Teegavarapu, 
2018). 

RDP provides an enhanced detail of rainfall characteristics across 
space compared to observations from RGP commonly used in hydrologic 
modeling. However, rainfall estimates based on stand-alone radar sys
tems are subject to several potential issues such as radar beam blockage 
(Nelson et al., 2010), bright band enhancement (Smith et al., 1996), 
anomalous propagation (Krajewski and Vignal, 2001), and uncertainty 
of microphysical parameters of Z-R relationships (Smith et al., 1996; 
Vasiloff et al., 2007). To provide better precipitation estimates, multiple 
sensors such as radars and rain gauges were fused to quantitatively 
enhance precipitation estimates (QPE) across the mesoscale (Pathak and 
Teegavarapu, 2018). 

To assess hypotheses 1 and 2, two sets of daily precipitation inputs 
were created, one was based on the multi-sensor QPE (NCEP stage IV 
analysis), and the other was based entirely on ground-based observa
tions, the closest to the watershed being the Normal and Rantoul stations 
(Fig. 1a). The spatial discretization of the modeled processes across the 
watershed was set to 300 × 300 m, for a total of 7,303 grid cells. To 
assign distributed precipitation at each grid cell, the stage IV data were 
linearly resampled to 300 m (hereafter, called radar). In contrast, the 
gauged precipitation was determined using the Thiessen polygon 
method and then resampled to a 300 m spatial resolution (hereafter, 
called gauge). Note that the Thiessen polygon is a common practice in 
hydrologic modeling where ground-based observations are used to 
represent the homogenous precipitation across large areas. 

The spatial variation of the averaged total annual precipitation 
(2013–2019) estimated by radar ranged from 1,062 mm year− 1 to 1,177 
mm year− 1(Fig. 1a). In contrast, precipitation at the Rantoul and Normal 
weather stations (gauged precipitation) was 1,043 mm year− 1 and 1,035 
mm year− 1, respectively. The radar was on average higher for the 
watershed than the gauge over seven years resulting in an annual total 
average of 1,138 mm year− 1 and 1,038 mm year− 1 for radar and gauge, 
respectively. 

A point-pair comparison of the radar- and gauge-based precipitation 
was conducted by comparing the rainfall observations at Rantoul and 
Normal stations (Fig. 1a) and the radar estimates in their nearest- 
neighboring grid cells, where the rain gauges were located. This was 
performed to determine how the two types of precipitation varied in 
terms of annual precipitation total, monthly precipitation average, and 
rain-day frequency from 2013 to 2019. For the rain-day frequency 
analysis, the daily precipitation<0.1 mm was assumed as a non-rainy 
day, and the rain-day was classified for light precipitation (0.1 ≤ P <
4 mm day− 1), moderate precipitation (4 ≤ P < 20 mm day− 1), and heavy 
precipitation (P ≥ 20 mm day− 1) (Arnone et al., 2013). Daily precipi
tation for each class was randomly sampled with replacement using 
bootstrapping to calculate the average rain-day frequency for each class 
with 95% confidence intervals. 

2.1.2. Sediment source impacts 
To examine hypothesis 3, whether or not the semi- and distributed 

sediment sources would impact the sediment predictions, the WEPP 
model (Flanagan and Nearing, 1995) was used to provide the sediment 
source in two different modes, semi-distributed and distributed modes. 
The WEPP model is a continuous, process-based model that predicts soil 
loss and sediment deposition along hillslopes, as well as in small agri
cultural watersheds. In this study, we utilized only the hillslope erosion 
component of WEPP. It simulates sheet and rill erosion at a field scale 
based on the raindrop impacts, surface runoff generation, hydraulic 
shear stress, and sediment load in the flow. The model was known to be 
applicable to a broad range of soil and climate conditions (Laflen et al., 
2004; Tiwari et al., 2000; Zhang et al., 1996). 

For distributed sediment sources, the watershed was discretized into 
300-m grid cells for a total of 7,303 cells across the watershed. Each grid 
cell was conceptualized as a single hillslope with a unique combination 
of climate, topography, soil, and land use. Thus, the time series of 
sediment sources in each grid have different values of sediment pro
duction throughout the watershed. On the other hand, for semi- 
distributed sediment sources, the watershed was divided into 49 sub- 
catchments (Fig. 1b), and each grid in one sub-catchment is assumed 
to have the same properties of slope, soil, land use. The average slope 
was used for each sub-catchment and dominant soil properties and land 
use were extracted from a corresponding sub-catchment. Therefore, 49 
WEPP simulations were performed for all sub-catchments at the same 
scale as in the distributed model, and assigned the equivalent time series 
within each sub-catchment. For precipitation inputs, observed precipi
tation were used depending on the types of precipitation inputs (Table 1) 
for the simulation period. The land uses were determined from the 
National Agricultural Statistics Service (NASS) (USDA, 2016), and the 
following management practices were considered for the analysis based 
on survey data conducted by Illinois Department of Agriculture (IDOA, 
2018): (1) no-till (2) mulch-till (3) reduced-till and (4) conventional 
tillage. A more detailed description of land use and tillage systems for 
this watershed can be found in the paper of Lee et al. (2021). 

For both inputs, the simulation results of sediment leaving the hill
slope predicted from the WEPP model were inserted as sediment sources 
in the distributed hydrologic model to transport the eroded soil across 
the watershed. 

2.1.3. Water movement 
The hydrologic processes across the watershed and in the river were 

simulated by a physically-based distributed model, MIKE SHE and a 1D 
hydrodynamic model MIKE 11, respectively. The MIKE SHE model 
simulated the overland, unsaturated, and saturated flows while MIKE 11 
simulated the propagation of the hydrograph once the water reaches the 
river. The hydrologic components in the coupled model included 1-D 
Richard equation for the unsaturated flow; Kristensen and Jensen 
method (1975) for the actual evapotranspiration; 2-D diffusive wave 
approximation for the overland flow; 1-D Saint Venant equations for the 
main channel and kinematic wave approximation for upstream tribu
taries; and 3-D Darcy’s law for the saturated flow. A detailed description 
of the MIKE SHE model can be found in Refsgaard and Storm (1995). 
The parameters of MIKE SHE, being a physically-based model, are 
measurable in the field and thus input data were directly extracted from 
observation data. The average slope of the watershed was approximately 
1% obtained from the 30 m digital elevation model (DEM) (USGS, 2016). 
The soil properties were extracted from the Soil Survey Geographic 
Database (SSURGO) (USDA, 2017), and the land cover information was 
obtained from the Cropland Data Layer (CDL) (USDA, 2016), mostly 
occupied by corn (48%) and soybeans (40%). However, due to the 
spatial variability of some parameters that were not adequately 
sampled, calibration was performed to properly account for these vari
abilities. Subsurface drainage through tile drains was conceptualized by 
a linear reservoir model, as a function of a drain level and a time con
stant, and these two parameters were calibrated by comparing 
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streamflow discharge at Fisher station (Fig. 1b) (Botero-Acosta et al., 
2019). 

2.1.4. Sediment movement 
The MIKE SHE and MIKE 11 models were used to transport sediment 

from the surface to the river network, and to the outlet of the watershed 
through the rivers. The fate and transport of sediment in the watershed 
were simulated by 1-D and 2-D advection–dispersion equations (ADE) 
with sink and source terms for sediment transport in rivers and overland 
flow, respectively, assuming the suspended sediment is completely 
mixed over the depth of water. In the overland flow, sediment produc
tion for each grid estimated by the WEPP model was added as a source 
term in the ADE, while the rate of deposition (Sd) and erosion (Se) as sink 
and source terms in the ADE in the rivers can be expressed by 

Sd =
wc
h*

(

1 −
τ

τcr

)

for τ < τcr (1)  

where c is the sediment concentration, w is the mean fall velocity of 
suspended particles, h* is the mean depth that the particles settle,τ is 
shear stress of bed and τcr is the critical shear stress. Deposition along the 
stream occurs when τ is less than τcr. 

Se =
M*

h

(
τ

τcr
− 1

)b

for τ ≥ τcr (2)  

where M* is the erodibility of the bed, h is the flow depth, and b is the 
erosion exponent. Erosion along the river only occurs when τ is greater 
than or equal to τcr. Note that the erosion rate is affected by the local 
hydraulic conditions, and the deposition rate is affected by both local 
hydraulic conditions and sediment concentration. 

2.2. Model performance 

Four combinations of precipitation and sediment source data were 
used to simulate the streamflow and sediment load at the outlet of the 
watershed. The Fisher station (Fig. 1b), located at the outlet of the 
watershed was used as an assessment endpoint of the combinations of 
input datasets. To evaluate the performance of the models in simulating 
streamflow and sediment, the Nash-Sutcliffe efficiency (NSE) (Nash and 
Sutcliffe, 1970), the mean absolute difference (MAD), and root-mean- 
square error (RMSE) between simulations (s) and observations (o) 
were used (Eqs. (3)–(5)). Note that the NSE ranges from − ∞ to 1 where 
NSE equal to 1 means a perfect match between the simulated and 
observed variables, while MAD and RMSE decrease with increasing 
model accuracy. 

NSE = 1 −
∑

(si − oi)
2

∑
(oi − o)2 (3)  

MAD =

∑
|si − oi|

n
(4)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(si − oi)
2

n

√

(5)  

2.3. Sediment rating curve 

Due to the lack of continuous sediment data within the simulation 
period, a sediment rating curve was used to estimate the sediment 
discharge as the power-law equation (Azadi et al., 2020; Syvitski et al., 
2000; Tfwala and Wang, 2016). 

Qs = aQb
w (6)  

where Qs is the suspended load, Qw is the flow discharge, and a and b are 
the sediment rating coefficient and exponent, respectively. The 153 

sediment grab samples collected from the Fisher station from 1979 to 
1997 were used to derive the rating curve. Considering that the main 
source of sediment in this watershed is from agricultural production 
(Rhoads et al., 2016), the total number of samples was divided into the 
growing season (May-October) and non-growing season (November- 
April) groups (Fig. 2). These two groups showed distinguishable patterns 
in terms of sediment load at low to moderate flow, generating higher 
sediment load in the growing season than in the non-growing season. To 
apply the rating curves to the simulation period, it was assumed that the 
relationship between sediment and streamflow discharge remains con
stant over time. This assumption was based on the channelization at a 
large portion of the streams, and no significant changes in land use since 
the 1940 s, mostly occupied by agriculture (Rhoads et al., 2016; Urban 
and Rhoads, 2003). In addition, the two years of survey data 
(2017–2018) conducted by the Illinois Department of Agriculture 
(IDOA, 2018) showed that conventional tillage is still dominantly used 
and the rate of conservation practices such as no-till is low in this 
watershed. Therefore, it was inferred that changes in management 
practices were also not significant. Furthermore, the watershed response 
to rainfall was examined based on the annual runoff coefficient using the 
rainfall at Rantoul station and streamflow discharge at Fisher station 
from 1979 to 2019. The Spearman’s rank correlation coefficient (r) 
indicated that there were no significant changes in the watershed 
response to rainfall over the period of record (r = 0.18). With this 
assumption, the two sediment rating curves were separately applied to 
estimate the daily sediment load for the growing and non-growing 
seasons based on the observed streamflow discharge for the simulation 
periods. Hereafter, the predicted sediment discharge based on the 
sediment rating curve was called observed sediment. Note that stream
bank erosion is an important driver in sediment transport that must be 
included in future research aimed at including unaccounted processes to 
advance model prediction. 

3. Results and discussion 

3.1. Model calibration 

The calibration was performed in a previous study (Lee et al., 2021) 
that the hydrologic model was set-up and tested in two periods 
(1995–1999 and 2009–2013) and showed good agreements with the 
measured data, with NSE values of 0.57 and 0.50, respectively (Fig. 3a 
and 3b). Since WEPP and MIKE SHE/MIKE 11 models are physically- 
based models with inputs and parameters that are directly measurable 

Fig. 2. Scatter plot of streamflow discharge (Qw) and sediment discharge (Qs) 
for the growing season (May-October) and non-growing season (November- 
April). The lines represent sediment rating curves for each group. 
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from the field, no calibration is supposed to be needed. However, 
effective hydraulic conductivities in WEPP model and measurements of 
the parameters of the sink and source terms in the ADE (Table 2) for the 
study area were not available and thus calibrated by comparing the 
simulation results with the measured sediment samples at the Fisher 
station from 1992 to 1996. A comparison of the measured and simulated 
sediment load using the calibrated parameters (Table 2) resulted in an 
NSE equal to 0.59 (Fig. 3c and 3d). Note that during the calibration 
period, the RDP data were not available and thus the calibration values 
were determined based entirely on the gauge network. The calibrated 
parameters were then used for the simulation period (2013–2019), with 
the first two years used for the initialization of the model. 

3.2. Point-pair comparisons of precipitation 

To better understand the impacts of using radar rainfall as opposed to 
the gauged rainfall, a comparison between the daily precipitation at the 
Rantoul and Normal stations, and the radar in their nearest-neighboring 
grid cells was conducted. The two-point pairs were analyzed in terms of 
the annual precipitation total, monthly precipitation average, and rain- 
day frequency. For average annuals, radar precipitation was higher than 
the gauge precipitation but not significantly different based on the t-test 

(p > 0.05) (Table 3). This is also in line with the results for the average 
areal precipitation for the watershed where the areal radar-based rain
fall was higher than the gauge-based rainfall (Fig. 1). In general, how
ever, both sites showed similar patterns in terms of precipitation depth 
for yearly and monthly precipitation, and noticeable differences be
tween the two datasets were not observed (Fig. 4). The radar at both 
sites showed higher rain-day frequencies for light precipitation and 
lower frequencies for heavy precipitation compared to the frequencies of 
gauge (Table 3). The underestimation of moderate and heavy precipi
tation frequency can be due in part to the attenuation of radar signal 
with heavy rainfall, range fade (i.e., beam overshoots the rainfall as the 
beam elevation above ground increases with increasing distance from 
the radar site) (Pathak and Teegavarapu, 2018), and the occurrence of 
smoothing when the data were gridded (Ensor and Robeson, 2008). 

Despite the similarities in the two datasets, it was hypothesized that 
the traditional statistical descriptors (e.g. annual total and monthly 
average precipitation) may not have captured the differences in these 

Fig. 3. Streamflow comparisons for (a) first period (1995–1999) and (b) second period (2009–2013), and (c) sediment load comparison from 1992 to 1996 and (d) 
scatter plot for simulation results and observations for sediment with 1:1 line at Fisher station (Lee et al., 2021). 

Table 2 
Calibration parameters used in simulations.  

Parameters Value 

Average hydraulic conductivity 0.4mm/hr  
Mean fall velocity (w)  0.005 m/s  

Erodibility of bed (M*)  0.50g/m2/s  

Erosion exponent (b)  4 
Critical shear stress (τcd and τce)  0.02N/m2   

Table 3 
Point-pair comparisons of precipitation at Rantoul and Normal sites.   

At Rantoul site At Normal site 

Radar Gauge Radar Gauge 

Annual total [mm/year] 1,154 1,071 1,074 1,052 
p-value 0.11 0.55 
Rain-day frequency for low 

rainfall 
0.75 ±
0.027 

0.63 ±
0.036 

0.76 ±
0.026 

0.67 ±
0.034 

Rain-day frequency for 
moderate rainfall 

0.21 ±
0.025 

0.29 ±
0.035 

0.20 ±
0.025 

0.27 ±
0.032 

Rain-day frequency for 
heavy rainfall 

0.05 ±
0.013 

0.08 ±
0.021 

0.04 ±
0.011 

0.06 ±
0.017 

Note. The frequency values indicate the mean rain-day frequency with 95% 
confidence interval 
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datasets since these descriptors cannot quantify the spatial variability of 
precipitation. The influences of the spatial distributions of rainfall esti
mates throughout the watershed were therefore evaluated in terms of 
their impacts on streamflow and sediment discharge. 

3.3. Impacts of improved streamflow 

To determine whether or not the improvement in sediment predic
tion was driven by the improvement in streamflow prediction due to the 
use of radar precipitation (hypothesis 1), sediment yield from 2015 to 
2019 were quantified using three objective functions, the NSE, MAD, 
and RMSE (Table 4). In addition, monthly simulation results of areal 
mean precipitation across the watershed, streamflow, and sediment 
discharge at Fisher station for the entire simulation period are shown in 
Fig. 5. Note that precipitation and streamflow discharge are the same 
between the semi-distributed and distributed models so that only D-R 
and D-G results were included in Fig. 5a and 5b. 

The simulation results indicated that using the radar improved the 
streamflow simulations compared to the observed streamflow discharge 
at Fisher station (Table 1 and Fig. 5b). However, it was proven that 
improved flow predictions did not necessarily improve the sediment 
yield predictions. The two models with radar inputs (D-R and S-R) 
indicated that even though the streamflow discharge prediction 
improved by radar, when semi-distributed sediment sources were pro
vided, the reliable prediction for sediment yield cannot be guaranteed 
(S-R in Table 4). Therefore, the hypothesis that the improved streamflow 
would improve sediment transport and yield predictions did not hold in 
this case. 

3.4. Impacts of spatial variations in precipitation 

Hypothesis 2 is an alternative scenario for hypothesis 1 that the 
sediment predictions are still improved, without noticeable improve
ments observed in streamflow. To examine this hypothesis, two peaks 
observed in the simulation period were selected. There were remarkable 
differences for sediment yield between D-R and D-G at high peaks, such 
as in December 2015 and in October 2018 (Fig. 5c), even if streamflow 
differences in these periods were not noticeable (Fig. 5b). For these 
reasons, these two events estimated by D-R and D-G were further 
examined to evaluate hypothesis 2. 

The heaviest rain events that occurred in December 2015, captured 
by radar and gauge are shown in Fig. 6. Based on both observations, we 
can infer that the heaviest rainfall was developed from the southeast of 
the watershed, where the Rantoul station was located, and moved to the 
northwest of the watershed (Fig. 6a-6c and Fig. 6d-6f). The radar 
showed the spatial variations of precipitation throughout the watershed. 
However, since rainfall estimates by the gauge networks were based 
entirely on the point observations, this created significant discrepancies 
between the two products. For instance, the rainfall estimates on the last 
day of the rain event reported zero value for the Rantoul station (Fig. 6f) 
while the radar showed some variations from 36 mm to 49 mm for the 
corresponding area (Fig. 6c). The underestimation of rainfall, especially 
on the last day of the event (Fig. 6c and 6f), resulted in the underesti
mation of sediment yield in December 2015. In other words, zero pre
cipitation was reported at Rantoul station on the last day of the event, 
assigning zero precipitation for most of the watershed. This resulted in a 
misrepresentation of the highest peaks of sediment discharge during the 
simulation period when the gauge was used (Fig. 5c). 

In contrast to the December 2015 event, the differences between the 
rainfall estimates between D-R and D-G across the watershed were not 
noticeable in October 2018 (Fig. 5a). Despite the fact that the amounts of 
streamflow were almost the same (Fig. 5b), the gauge produced a peak 
in sediment load in October 2018 that was not observed in the radar 
(Fig. 5c). To understand the discrepancies, the daily simulation results 
for the areal mean precipitation, total soil loss (sediment source), 
streamflow, and sediment yield at Fisher station were examined in detail 
(Fig. 7). The three largest peaks for soil loss estimations by gauge were 
observed on July 6, August 7, and September 7 in 2018 (Fig. 7b), and the 
peaks of rain events estimated by the gauge network yielded extreme 
peaks for sediment sources throughout the watershed. Even though 

Fig. 4. Precipitation comparisons between radar and gauge products of annual average (a) at Rantoul and (b) at Normal sites, and monthly precipitation (c) at 
Rantoul and (d) at Normal sites with 95% confidence interval bands of gauge. 

Table 4 
Comparisons of model performance based on Nash-Sutcliffe Efficiency (NSE), 
Mean Absolute Difference (MAD), and Root-mean-square Error (RMSE).   

Streamflow [m3s− 1]  Sediment yield [ton day− 1]  

Radar Gauge D-R D-G S-R S-G 

Mean  9.72  8.30  31.13  34.52  6.64  7.45 
r2   0.84  0.69  0.84  0.66  0.66  0.52 

NSE  0.63  0.45  0.61  0.23  − 0.09  − 0.12 
MAD  3.94  4.14  27.57  34.48  44.17  43.87 
RMSE  5.01  6.11  49.78  70.05  83.32  84.16 

Note. The NSE values were dimensionless. 
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Fig. 5. Simulation results of (a) monthly total areal average precipitation across the watershed (b) average streamflow discharge at Fisher station with 95% con
fidence interval bands of observed discharge and (c) monthly total sediment yield at Fisher station for the distributed model (D-R and D-G) and semi-distributed 
model (S-R and S-G). 

Fig. 6. The heaviest rainfall event in December 2015 captured by radar (top) and by gauge (bottom) across the watershed (units are in mm/day).  
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large amounts of sediment production were generated, the majority of 
sediment were deposited along their way because of the dry conditions 
(i.e. flow depth in overland flow and streamflow were too small to carry 
the suspended sediment) (Fig. 7c) and thus sediment yield at the Fisher 
station was relatively low compared to the peak in October (Fig. 7d). 
The peak of sediment yield in October occurred as the flowing water 
detached the deposited soil particles throughout the watershed and 
transported the soil particles downstream. In contrast to the flood peak 
that occurred in September, precipitation at the Normal site reported 
relatively heavy rain (54 mm on October 8, 2018). This rain event, along 
with the higher antecedent moisture conditions, detached and trans
ported the deposited sediment for most parts of the watershed, resulting 
in the high peak of sediment yield at the outlet in October (Fig. 7d). 
From the simulation results, only a few peaks of rainfall estimated in the 
past can have a critical impact on predicting sediment discharge even 
several months later. 

The total rainfall estimated for the entire watershed for the three 
dates that generated soil loss peaks in 2018 were 71 mm and 204 mm, for 
D-R and D-G, respectively (Fig. 8). The radar estimates reported extreme 

rainfall rates only for the small portion of the watershed (i.e., clusters), 
and the rest of the watershed received relatively small amounts of rain 
for these three dates (Fig. 8a-8c), generating relatively small amounts of 
soil loss and streamflow compared to the D-G simulation. In terms of soil 
loss and streamflow discharge in October, both D-R and D-G simulations 
showed similar results since the precipitation rates were similar 
throughout the watershed (Fig. 7a-7c). However, the consequences of 
overestimating the rainfall in the past dates (Fig. 8d-8f) resulted in 
completely different estimations of sediment yield in October (Fig. 5d). 
Hence, based on the discrepancies investigated in the simulated sedi
ment peaks in 2015 and 2018, misestimating a few heavy rainfall events 
can result in unreasonable predictions of sediment yield in both short- 
and long-term predictions. Therefore, we concluded that sediment 
transport process is driven by rainfall as threshold-like processes across 
the watershed, and thus resolving spatial variations in precipitation 
would improve sediment predictions at high peaks. In other words, we 
accepted hypothesis 2 that the use of RDP would improve sediment 
transport predictions regardless of streamflow predictions. 

Fig. 7. Daily simulation results of (a) areal mean rainfall across the watershed, (b) total sediment production across the watershed, (c) streamflow discharge at Fisher 
station, and (d) sediment yield at Fisher station. 
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3.5. Impacts of semi- and distributed sediment sources 

To evaluate hypothesis 3 that the use of RDP can improve the sedi
ment predictions only when spatially distributed sediment sources are 
provided, the simulation results using the semi-distributed sediment 
source (S-R and S-G) were examined. Both results did not correspond 
with the observations well (Table 4) and failed to capture the high peaks 
in the simulation period (Fig. 5c) regardless of the precipitation inputs. 
Both S-R and S-G results showed the underestimation of sediment yield. 
By averaging the values of the input data such as slope and soil prop
erties in the semi-distributed model (Fig. 9a), the contributions from the 
most vulnerable areas to soil erosion, where the rate of soil loss was 
significant, were not properly represented. These misrepresentations of 
the main forcing variables resulted in misestimating soil loss distribution 
across the watershed, failing to capture most of the peaks observed in 
distributed mode (Fig. 9b). Therefore, we accepted hypothesis 3 that the 
use of RDP would improve sediment predictions only where sediment 
sources are spatially distributed. 

Based on the experiments for the three hypotheses using the four 

models, we found that distributed precipitation such as RDP can 
improve sediment predictions only if sediment sources are spatially 
distributed. Sediment transport processes rely on co-located rainfall 
events and sediment sources. Therefore, modeling one without the other 
means that the combined effects of extreme precipitation and vulnerable 
areas are not conceptualized properly. Hence improved sediment pre
dictions are only guaranteed when the spatial characteristics of both 
rainfall and sediment sources are addressed at a finer scale. 

Overall, the simulation results indicated that the use of both finer 
resolution precipitation and soil loss could improve the representation of 
systemic responses of distributed hydrologic models for sediment 
discharge. If sediment production were estimated using semi-distributed 
models, the local input characteristics such as slope and soil properties 
may be lumped together, ignoring the contributions from the most 
vulnerable areas and this may cause the failure of capturing the high 
peaks or underestimation of sediment prediction (Fig. 9). Similarly, the 
most important advantage of radar-derived rainfall was its ability to 
capture the spatial variations of rainfall (i.e., pattern and intensity) 
across the watershed. This is especially crucial if rainfall events 

Fig. 8. Spatial distributions of rainfall estimates for the peaks of rain events occurred in 2018 captured by radar (top) and by gauge (bottom) across the watershed 
(units are in mm/day). 

Fig. 9. (a) Assigned values of slope across the watershed, and (b) soil loss simulation results of the semi-distributed vs. distributed models.  
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characterized by the development of rainfall clusters across the water
shed can result in significant localized sediment production and trans
port. The use of gauge networks may under- or over-estimate sediment 
loads as a function of the distance from the rainfall clusters even if the 
simulated streamflow is not significantly different from the radar 
simulation. This is expected to be exacerbated in agricultural fields, 
which are the major sediment source around the world, because of the 
unevenly distributed gauge stations, with a bias towards mountain 
valleys and populated areas (Ensor and Robeson, 2008; Liebmann and 
Allured, 2005). 

This study has confirmed, that the full potential of using a radar- 
derived rainfall in predicting sediment production and delivery can 
only be achieved when using a distributed sediment transport model. 
Thus, the seamless integration of high-resolution input data to distrib
uted hydrologic models can result in better predictive power, especially 
for the fate and transport phenomena, including sediment, where the 
spatio-temporal characteristics of precipitation and sediment produc
tion at finer resolution is essential. 

4. Summary and conclusions 

This study evaluated the impacts of using a semi-distributed and a 
distributed sediment source model with gauged- and radar-based pre
cipitation on sediment predictions. An intensively managed agricultural 
watershed in central Illinois that typically represents the agricultural 
landscape across the Midwest was selected as a study area. The hillslope 
erosion model (WEPP) integrated with the physically-based hydrologic 
model MIKE SHE was used to estimate daily flow and sediment sources 
in either semi-distributed or fully distributed spatial discretization. Four 
models, rain-gauge-based and radar-rainfall-based models with two 
types of sediment sources were evaluated based on their capability to 
simulate streamflow, sediment production, and sediment transport. The 
multi-annual simulation results were compared to the observed 
discharge and daily sediment discharge estimated by the sediment rating 
curves. All of the three objective functions (NSE, MAD, and RMSE) 
indicated that the model prediction improved with the use of RDP in a 
distributed sediment source setting. The results with the semi- 
distributed sediment source showed significant disagreement with the 
observed data for sediment yield regardless of precipitation inputs. For 
the use of distributed sediment sources, the significant discrepancies of 
sediment discharge were observed at high peaks between the radar- and 
gauge-based simulations that were mainly due to the lack of spatial 
variability in the gauged precipitation. Considering the distances be
tween the watershed and the gauged stations in this study, the gauge 
network failed to capture the occurrences of local precipitation events 
and thus could not account for sediment production and transport. The 
use of radar-derived rainfall, however, can eliminate this concern by 
improving the spatial discretization of precipitation across the water
shed and hence, resulted in a better predictive power of the streamflow 
and sediment transport models. 

The traditional methods such as Thiessen polygons for assigning 
precipitation based on gauge networks can result in a critical misrep
resentation of precipitation variability, including missing data, and the 
irregular distribution of gauges with a bias towards the mountainous 
valley and densely populated areas. The lack of certain periods of data 
and spatial bias issues can lead to poor simulation results. In particular, 
since agricultural fields are major sources of sediment, bias and errors 
may even worsen for sediment prediction if the rain gauges were not 
densely installed. The use of Thiessen polygon with two gauge stations 
may be a worst-case scenario and thus if gauge-network is only avail
able, other methods such as linear interpolation should be carefully 
considered to assign precipitation across the watershed to improve the 
model performance. In addition, evaluating soil loss at a larger scale can 
result in misrepresentation of spatial characteristics across the water
shed, and thus the use of rain gauge network in lumped- or semi- 
distributed sediment models cannot represent actual field conditions 

and the consequences of the spatial distribution of soil erosion. 
The integration of the spatial characteristics of rainfall and soil loss 

at a finer scale is essential, particularly in simulating fate and transport 
phenomena that are directly driven by rain-drop impacts and flowing 
water. The findings in the present study indicated that enhancing 
distributed models by seamlessly integrating higher resolution precipi
tation and sediment production inputs is critical to advance the pre
diction of sediment transport and yield in both short- and long-term 
simulations. In this paper, daily time step and field-scale spatial reso
lution were used due to the model’s limitations in managing large 
datasets. The use of finer resolution input data is expected to improve 
the model performance, and thus a tool that can seamlessly integrate 
these datasets should be developed. In contrast, the lumped or semi- 
distributed soil loss models can lead to unreliable simulation results as 
they can wipe out the vulnerable area to soil erosion, resulting in missing 
high peaks of sediment source across the watershed. In addition, the use 
of RDP may not significantly impact the hydrologic response of the 
system in terms of streamflow. However, in terms of the sediment pre
dictions, the radar-rainfall-based simulation enhanced model perfor
mance only with the distributed sediment sources, while the gauge 
simulations failed to capture localized rain events that can significantly 
impact the fate and transport processes of sediment. In particular, the 
spatial misrepresentation of high intensity rainfall events resulted in the 
exacerbation of the discrepancies of sediment prediction compared to 
the streamflow prediction. This is due in part to sediment prediction 
being driven not only by precipitation but also by the subsequent 
convolution of the hydrologic and transport processes that can further 
enhance the uncertainties from precipitation. The use of RDP data with 
fully distributed settings in hydrologic and environmental models is 
expected to improve the predictions of systemic responses resulting in a 
better understanding of transport processes that are crucial for the 
implementation of conservation and mitigation practices. 
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