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A B S T R A C T   

Uncorrected and bias corrected CMORPH satellite-based rainfall estimates were evaluated for application in the 
Representative Elementary Watershed (REW) modelling approach in the Kabompo Basin, a headwater catchment 
of the Zambezi River. Results of modelling (2008–2013) by use of raingauge rainfall served as benchmark to the 
simulation results. The uncorrected CMORPH rainfall show overestimation (>20%) and underestimation 
(<� 15%) biases for the 2000–2015 period. A linear-multiplicative bias correction scheme was applied to remove 
the bias. When applied to the REW model, bias corrected CMORPH rainfall improved the match between 
observed and simulated streamflow. Improvements in streamflow simulation are reported for highest discharges 
and streamflow totals. Objective function values for Relative Volume Error and for Nash Sutcliffe Efficiency 
improved significantly by the bias correction. Errors in uncorrected CMORPH rainfall estimates cause large 
mismatch between simulated and observed streamflow, however mismatch reduces notably for bias corrected 
satellite rainfall. Optimized REW parameter values changed by > 50% when gauge-based rainfall inputs are 
replaced by uncorrected CMORPH estimates. However, parameter values, remained within physically acceptable 
ranges for bias corrected CMORPH, for intermediate flows and for the wet season. This study shows that bias 
correction of CMORPH rainfall in the Kabompo Basin is critical for successful application in rainfall-runoff 
modelling.   

1. Introduction 

Accurate estimation of rainfall frequency, intensity, duration and 
depth is a major challenge in many parts of the world. Such also applies 
to the Zambezi basin (Southern Africa) where the prevalent conven-
tional rain gauge observations are sparse and unevenly distributed and 
thus not necessarily useful to represent spatial and temporal rainfall 
patterns (Maidment et al., 2017; Meyer et al., 2017). Rain gauge rainfall 
may also suffer from errors by poor gauging and inconsistencies (Cattani 
et al., 2016; Goudenhoofdt et al., 2017). An alternative to rain gauge 
observations are satellite-based rainfall estimates (SREs) that nowadays 
are available on a global scale at ever increasing spatial and temporal 
resolution. Besides providing rainfall data where rain gauge measure-
ments may not be available (Yong et al., 2016; Yuan et al., 2017), SREs 
embody an important source of rainfall information since estimates are 

timely and spatially coherent. SREs are only representations of reality 
with specific spatial (i.e. the pixel footprint size) and temporal resolu-
tions (revisit time) and thus representations are unique for respective 
satellite rainfall products. The global importance of SREs has led to a 
large number of studies aimed to assess the accuracy of various SRE 
products for streamflow simulation. The major limiting factor in the 
adoption of SREs for streamflow simulation is that they contain errors 
also known as bias (Maggioni and Massari, 2018).Sampling errors are 
determined by the satellite orbit, swath width, and space-time charac-
teristics of the rainfall fields themselves (Kling et al., 2014). Errors in 
rain detection and rate estimation can both play an important role in 
streamflow simulation (Vu et al., 2018). In this study, focus is on the 
National Oceanic and Atmospheric Administration (NOAA) Climate 
Prediction Center-MORPHing rainfall product (CMORPH) (Joyce et al., 
2004; Wehbe et al., 2017) which is one of the most widely-used 
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precipitation products of satellite remote sensing data providing 
tremendous information for hydrological application. Studies on 
CMORPH in the Southern Africa’s Zambezi River Basin (Lekula et al., 
2018; Meyer et al., 2017; Tot�e et al., 2015) show evidence that neces-
sitates bias correction of the product. 

Hydrological modelling by use of CMORPH rainfall estimates 
commonly is assessed at catchment scale with specific focus on the 
streamflow simulation (Bajracharya et al., 2014; Liu et al., 2017; Thie-
mig et al., 2013). In catchments where uncorrected CMORPH has been 
used for streamflow simulation, it has resulted in unsatisfactory model 
performance. Example is shown for Shehong basin in southeast China, 
where the CREST model had poor performance in streamflow simulation 
(Ma et al., 2018). Tong et al. (2014) report on an application of un-
corrected CMORPH to the upper Yellow and Yangtze River Basins on the 
Tibetan Plateau to result in poor performance of the Variable Infiltration 
Capacity (VIC) hydrologic model on a daily and monthly time interval. 
Gosset et al. (2013) used two simplified hydrological models in West 
Africa (SCS in Niger and GR4J in Benin) to illustrate how uncorrected 
CMORPH affect the model outputs in terms of runoff. In both Niger and 
Benin, the relative bias in the annual simulated runoff volume more than 
doubled for uncorrected CMORPH. The above studies concluded that 
SREs cannot be used directly as meteorological forcing term in hydro-
logical models without bias correction. Studies further shows that hy-
drologic simulations using uncorrected SREs are inferior in performance 
to simulations that employ even just a few ground-based rain gauges 
(Stisen and Sandholt, 2010). Thus, the urgent need for bias correction. 

Many bias correction methods for hydrological modelling have roots 
in climate models (Pierce et al., 2015; Teutschbein and Seibert, 2010). In 
this study the spatial and temporal aspects of the bias fields are used to 
correct the bias of CMORPH at a daily timescale. Studies show that the 
time and space bias correction method (Bhatti et al., 2016; Gumindoga 
et al., 2017; Habib et al., 2014) yields reasonable streamflow perfor-
mance over African Basins. Habib et al. (2014)calibrated the Hydro-
logiska Byråns Vattenbalansavdelning (HBV-96) streamflow model in 
the Gilgel Abay basin (Ethiopia) using gauge and CMORPH rainfall in-
puts for the year 2003–2004 to evaluate the effect of bias correction in 
CMORPH on HBV-96 model simulations. Results show that the stream-
flow hydrograph that is simulated by considering spatial temporal 
variability in the CMORPH bias fields produced the best result compared 
to other schemes that do not consider spatial temporal variability in the 
rainfall bias. This in terms of the patterns, observed peak flows and 
volumes of the observed hydrographs. In the Awash River basin in 
Ethiopia, Likasa (2013) reports improved model performance of the 
HBV-96 rainfall-runoff model after spatial and temporal aspects in the 
bias corrected CMORPH rainfall are considered to force the model. In 
developing a bias correction approach for this work, it was tried to keep 
the bias correction as simple as possible. However, the correction was 
considered to efficiently remove the most significant biases with the aim 
to improve streamflow simulation. 

Model recalibration has been proved to be a viable strategy for 
improving SRE-forced hydrologic model performances across basins of 
different size and climatology in several regions of the world (Falck 
et al., 2015). Habib et al. (2014) and Liu et al. (2017) show that for 
optimal model performance, model parameters of streamflow models 
should be recalibrated when rain gauge inputs are replaced by bias 
corrected SREs as model forcing terms. By difference in rainfall esti-
mates, use of bias corrected rainfall as compared to rain gauge rainfall 
will affect water storage in respected model stores (Habib et al., 2014; 
Vald�es-Pineda et al., 2016). It is likely that model recalibration is able to 
adjust for model simulation discrepancies through parameter tuning and 
obtain model performances comparable to the optimal parameter set 
according to a pre-defined criterion (Behrangi et al., 2011; Tobin and 
Bennett, 2010). In other words, different parameter settings can coun-
terweigh for errors in the SRE forcing, thus improving streamflow model 
predictions compared to the non-recalibration option. However, this 
counter weighing comes with a locally optimized model with parameter 

values that may be unrealistic and may therefore limit the model pre-
dictive capability at the sub-basin scale, during periods different from 
the one used for calibration, and when different initial conditions are 
considered (Bitew et al., 2011; Ciabatta et al., 2016; Mei et al., 2015). 
Above studies show that model recalibration is not always effective 
when the model is applied to a period different from the one used for 
calibration. 

In this study we propose a state of the art approach for watershed 
modelling, which is based on developing watershed-scale balance 
equations for mass, momentum, energy and entropy by averaging the 
point-scale (microscale) equations over appropriate averaging regions 
or control volumes (megascale) (Reggiani and Majid Hassanizadeh, 
2016). The regions are referred to as Representative Elementary Wa-
tersheds (REWs), as they are considered to be invariant with respect to 
the spatial scale. The REW-approach is generalized by developing bal-
ance equations and constitutive relationships for sub-REW units, 
referred to as Elements. The subdivision of a REW into Elements also 
provides means for including sub-REW variability due to landuse, ge-
ology or presence of infrastructure in the watershed. A REW 
Element-scale unsaturated flow equation and non-linear reservoir 
equations for overland and channel flow can be consistently derived 
within the thermodynamic theory framework. In traditional distributed 
physically-based watershed models (Abbott et al., 1986) such as SWAT, 
TOPMODEL, HEC-HMS and HBV, partial differential equations gov-
erning water flow in various zones are discretized and solved at scales 
much smaller than the REW, i.e. at the nodal points of a computational 
grid. In the REW approach, conservation equations for mass, mo-
mentum, energy and entropy are averaged over each flow zone, yielding 
global balance laws (Reggiani et al., 1998). Furthermore, REW model 
includes a range of tools that facilitates the handling of large input 
datasets such as remote sensing-based inputs. The REW approach has a 
number of successful applications in rainfall-runoff modelling in Donga 
catchment of Benin (Varado et al., 2006) and Weiherbach Catchment in 
Germany (Lee et al., 2005). However, there are no reported applications 
of bias corrected CMORPH estimates in African basins for REW hydro-
logical modelling. 

In first publications on CMORPH, Joyce et al. (2004) describe 
CMORPH as a gridded precipitation product that estimates rainfall with 
information derived from Infrared (IR) data and Microwave (MW) data. 
CMORPH combines the retrieval accuracy of passive MW estimates with 
IR estimates which are available at high temporal resolution but with 
low accuracy. The important distinction between CMORPH and other 
merging methods is that the IR data are not used for rainfall estimation 
but used only to propagate rainfall features that have been derived from 
microwave data. The flexible ‘morphing’ technique is applied to modify 
the shape and rate of rainfall patterns. CMORPH is operational since 
2002 for which data is available at the Climate Prediction Centre (CPC) 
of the National Centers for Environmental Prediction (NCEP) (after 
http://www.ncep.noaa.gov/). Recent publications on CMORPH in Af-
rican basins exist (Haile et al., 2015; Jiang et al., 2016; Koutsouris et al., 
2016; Wehbe et al., 2017). However, studies on bias correction of 
CMORPH in the semi-arid Zambezi Basin are limited. 

The objective of this study is to evaluate application of CMORPH 
SREs for streamflow modelling in the Kapombo River basin by the REW 
model. The specific objectives are i) to evaluate a time and space vari-
able bias correction for streamflow simulation ii) to assess how the REW 
hydrological model parameterization changes when bias corrected SREs 
serve for model forcing instead of rain gauge data and iii) to apply 
parameter sensitivity analysis for low and high flows. Analysis serves to 
improve applications in the Zambezi basin such as for rainfall-runoff 
modelling. 

This article is organised as follows: Section 2 gives a description of 
the study area and data availability. In Section 3 methods applied in this 
study are described. Section 4 presents research findings. Section 5 
discusses and section 6 concludes findings of the study. 
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2. Study area and data 

2.1. Site description 

The area of study is the Kabompo River Basin of North-Western 
Zambia with size of approximately 72 000 km2. The basin is a head-
water catchment of the Zambezi River. The Kabompo Basin experiences 
two distinctive seasons (a dry season from May to October and a wet 
season from November to April). The basin has mean annual rainfall 
ranging from 1500 mm/year in the North to 900 mm/year in the South. 
The minimum basin wide average monthly temperature for the period 
2008–2013 is around 14 �C whereas the maximum is around 22 �C 
(Mwansa, 2018). 

The basin gauging station at the outlet (Watopa) has an average 
annual discharge of 210 m3/s with lowest and highest discharge records 
of 37 and 1039 m3/s, respectively. Silt-to-clay and sandy-textured soils 
make up the undulating plateau zones and slightly dissected plateau 
zones. Also found are soils influenced by waterlogged conditions near 
the Zambezi floodplain which have visual evidence of iron reduction 
(FAO/IIASA/ISRIC/ISS-CAS/JRC, 2009; Garrison, 2017). The geology is 
dominated by Kabompo granitic domes flanked by a sequence consid-
ered equivalent to the basal Lower Roan rocks which is a composition of 
the Katanga Supergroup (Muzumara, 2010). Vegetation in most part of 
the basin is classified as tropical grasslands or savanna. Specific vege-
tation types include grasslands, woodlands and forests. The area has 
protected forests (6%) and national park (12%). There is also increased 
population pressure causing increased deforestation (Mwansa, 2018). 
Economic activities include small-scale agriculture and mining. Muzu-
mara (2010), describes that water related problems in the Kabompo 
Basin include water allocation to agriculture and ecosystems, unknown 
hydrological regime changes by land cover changes, and potential water 
resources impacts by mine tailing dams. 

2.2. Satellite data 

CMORPH rainfall data used in this study covers the period 
2008–2013. Satellite images are available at 8 km � 8 km spatial and 
30 min temporal resolution, and were downloaded by means of the 
GeoNETCAST’s ISOD toolbox of the ILWIS GIS software (http://52north 
.org/downloads/). We aggregated rainfall images to 1-day temporal 
resolution to be consistent with time interval of rain gauge observations. 

CMORPH is a gridded precipitation product to estimate rainfall with 
information derived from Infrared (IR) data and Microwave (MW) data 
as described in the early publication by Joyce et al. (2004). In the 
CMORPH approach, rainfall is estimated from IR data when passive MW 
estimates are not available. Thus, CMORPH combines the retrieval ac-
curacy of passive MW estimates with IR estimates which are available at 
high temporal resolution but, commonly, with lower accuracy. 
CMORPH Version 1.0 is selected that is operational since 1998. Version 
1.0 includes the raw, satellite only precipitation estimates as well as bias 
corrected and gauge-satellite blended precipitation products (Jiang 
et al., 2016). The latter product was selected for this study. SRE images 
can be downloaded at the CPC of the National Centers for Environmental 
Prediction (NCEP) (http://www.ncep.noaa.gov/). 

Satellite based topographic and terrain data used in this study 
include elevation, drainage network, slopes, land use/land cover and 
soils. Elevation, drainage and slopes were obtained from the Shuttle 
Radar Topography Mission (SRTM) Digital Elevation Map (DEM) (30 m 
resolution) which was retrieved via the earth explorer platform (htt 
ps://earthexplorer.usgs.gov/). Landuse and landcover information was 
obtained from Landsat satellites. Landsat 8 images (30 m resolution) 
used in the study (path 174–175 and row 68–70) were downloaded from 
the United States Geological Survey (USGS) Global Visualization Viewer 
(GLOVIS) for the year 2016. Soils data were obtained from FAO soil 
database via http://www.waterbase.org/download_data.html. All 
datasets were processed in ILWIS open source GIS software (htt 

ps://52north.org/software/software-projects/ilwis). 

2.3. Gauge-based data 

Daily rain gauge data from 6 stations (see Table 1) for the period 
1998–2015 was obtained from the Meteorological Office of Zambia. The 
raingauge stations are located at an elevation between 1000 and 1500 m 
(Fig. 1). The average inter-gauge distance is 250 km, indicating a poorly 
gauged basin which does not meet the World Meteorological Organi-
zation (WMO) guidelines on minimum network density (Coulibaly et al., 
2013; WMO, 2008). However, the available time series are of suffi-
ciently long duration to serve the objectives of this study. For estimating 
Potential evapotranspiration at daily time step, the FAO-Penman 
Monteith method (Allen et al., 1998) was used. For this study, daily 
streamflow data (1998–2013) for Watopa gauging station was made 
available by the Zambian Department of Water Affairs. Consistency of, 
as well as between, rainfall and streamflow time series was evaluated as 
part of data screening. 

2.4. Comparison of rainfall estimates by CMORPH and raingauges 

For all pixels in the study area we compare time series of raingauge 
rainfall with both uncorrected and corrected CMORPH SRE using two 
approaches. The first approach that is commonly referred to as point-to- 
pixel comparison, compares raingauge rainfall at point scale (i.e. gauge 
funnel scale) to CMORPH SRE at pixel scale (see Cohen Liechti et al., 
2012; Dinku et al., 2008; Hughes, 2006; Tsidu, 2012; Worqlul et al., 
2014). In the second approach that is commonly referred to as 
pixel-to-pixel comparison, we compare spatially interpolated gauged 
rainfall estimates at pixel scale to CMORPH based counter parts at equal 
spatial grid resolution and projection (Heidinger et al., 2012; Li and 
Heap, 2011; Tobin and Bennett, 2010; Yin et al., 2008). Spatially 
interpolated raingauge rainfall serves to represent rainfall distributions 
across the area of study. Note that for both point-to-pixel and 
pixel-to-pixel, the comparison is done at location where station point/-
pixel overlay satellite pixels and not for average of catchment pixels. 

In the procedure to select a suitable interpolation method, we carried 
out a sensitivity analysis based on two interpolation techniques: Uni-
versal Kriging (Fang et al., 2015) and Inverse Distance Weighted inter-
polation (IDW) (Parida et al., 2017; Shepard, 1968). We conclude on 
which technique is most effective in representing mean annual rainfall 
in the Kabompo basin for the dry and wet season (2000–2015 period). 
Findings indicate that the IDW performs better than Universal Kriging 
for the dry and wet season in the representation of mean annual rainfall. 
As such, IDW is selected as the interpolation technique for the 
pixel-to-pixel rainfall estimation method. Studies by Parida et al. (2017) 
and Bhatti et al. (2016) employed IDW technique for interpolating daily 
rainfall from raingauges at respective point locations to grid points for 
comparison with CMORPH estimates. 

3. Methodology 

3.1. Bias correction of CMORPH SRE 

3.1.1. Bias correction approach 
In this study, bias in CMORPH rainfall estimates was assessed and 

subsequently corrected using a time and space linear multiplicative shift 
bias correction technique. In the selection of an appropriate bias 
correction scheme we follow Gumindoga et al. (2017) for the work in the 
Zambezi Basin and Bhatti et al. (2016) in the Lake Tana Basin of 
Ethiopia. The above studies concluded that a linear multiplicative shift 
technique is appropriate to account for spatial and temporal variation in 
CMORPH bias fields. To obtain corrected CMORPH estimates in a 
temporally and spatially coherent manner, we multiply CMOPRH daily 
rainfall estimates (S) by the bias correction factor (BC) for respective 
sequential time windows for individual stations (Equation [1]). 
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BC¼
Pt¼d� l

t¼d Gði; tÞ
Pt¼d� l

t¼d Sði; tÞ
(1)  

Where: 

G ¼ daily gauge-based rainfall, i ¼ gauge location, d ¼ selected day 
t ¼ julian day number and l ¼ length of a time window for bias 
calculation 

The bias correction factor for a certain day is calculated only when a 
minimum of five rainy days were recorded within the preceding 7-day 
window with a minimum rainfall accumulation depth of 5 mm, other-
wise we assign a value of 1 as a bias correction factor. The accumulation 
of rainfall (in this case 5 mm for the 7-day window) is required since bias 
is calculated over longer duration (multiple observations are needed to 
detect the systematic error) otherwise we assign a value of 1 as a bias 
correction factor. The minimum threshold and window size is adopted 
from Bhatti et al. (2016) and tested in Gumindoga et al. (2017) for 
suitability in the Kabompo catchment. This approach implies that bias 
factors change value for each station for each 7-day period, hence bias 
factors vary in time and over space. The approach consists of a 
sequential time window of specified length moving forward in the time 
domain, the approach is after Bhatti et al. (2016). 

3.1.2. Evaluation of corrected and uncorrected CMORPH estimates 
Corrected and uncorrected CMORPH SRE(S) are evaluated with 

reference to rain gauge rainfall (G) at daily time base covering the period 
2003–2015. Comparison is for the following performance indicators: 
mean, minimum, maximum, rainfall totals, standard deviation, bias 
(mm/day) and correlation coefficient (CC). Bias is a measure of how the 
SRE deviates from the rain gauge rainfall, and the result is averaged by 
the number of observations. A positive value indicates overestimation 
whereas a negative value indicates underestimation. . rbias, also a 
measure of how the SRE deviates from the rain gauge rainfall performs 
best when a value of 0 is generated (Janssen and Heuberger, 1995). 
RMSE represents aggregated squared residual errors between CMORPH 
and raingauge rainfall. A smaller value RMSE indicates improved SRE 
performance and vice versa (Chai et al., 2014). Equations [2–6] apply.  

bias ¼
P
ðS � GÞ

N
[2]  

R¼
P
ðG � GÞðS �  SÞ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
P
ðG �  GÞ2

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
P
ðS �  SÞ2

q [3]  

rbias  ¼
P
ðS � GÞ
P

G
�100 [4]  

RMSE¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
X ðG � GÞ2

N

s

[5]  

Where: 

S ¼mean of the SRE (mm/day), G ¼mean values of rainfall recorded 
by a rain gauge (mm/day) and N ¼ number of observations 

For graphical evaluation, a Taylor diagram is applied that provide a 
statistical summary of how well time series of the different rainfall es-
timates (corrected and uncorrected) match in terms of the Pearson’s 
product-moment correlation coefficient (R), root mean square difference 
(E), and the ratio of variances on a 2-D plot (Baker and Taylor, 2016; 
Taylor, 2001). Equation [6] applies: 

Ei ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

σ2
f þ σ2

r � 2σfσrR
q

[6]  

Where: 

σf and σr ¼ standard deviation of CMORPH and rain gauge rainfall, 
respectively. 

Besides patterns that have the right amplitude, the effectiveness of a 
bias correction scheme is seen in terms of data that lie near a point 
marked ‘reference’ on the x-axis, relatively high correlation coefficient 
and low root mean square difference. 

3.2. Cross-validation of bias correction 

In this study, we evaluated CMORPH in the time domain by omitting 
gauge and SRE for the 1998–1999 hydrological year to remain with 15 
years (2000–2015) for bias correction (after Gutjahr and Heinemann, 

Table 1 
Detailed description of daily gauging station network.  

Gauging Station UTM Easting UTM Northing Start date End Date % missing records Elevation (m) Station type 

Kalabo 22.70 � 14.85 01/01/1998 31/12/2015 5.20 1033 Meteorological 
Zambezi 23.12 � 13.53 01/01/1998 31/12/2015 1.60 1075 Meteorological 
Kaoma 24.80 � 14.80 01/01/1998 31/11/2015 9.89 1162 Meteorological 
Kasempa 25.85 � 13.53 01/01/1998 31/12/2015 9.10 1185 Meteorological 
Mwinilunga 24.43 � 11.75 01/01/1998 31/12/2015 4.81 1319 Meteorological 
Solwezi 26.38 � 12.18 01/01/1998 31/12/2015 0.02 1372 Meteorological 
Watopa 23.60 � 14.02 01/01/2003 31/12/2013 0.02 1372 Streamflow  

Fig. 1. The Kabompo Basin showing country boundaries, elevation, raingauge 
and runoff gauging stations. 
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2013). The 15 year-bias corrected estimates are cross validated against 
estimates for 1998–1999 period that served as reference. Performance 
indicators used for evaluation are percentage bias, correlation coeffi-
cient and the estimated ratio which were all averaged for the Kabombo 
basin but also summarised for the wet and dry seasons. The wet season 
for the Kabompo basin covers the months October–March whereas the 
dry season covers April–September. 

3.3. Modelling approach 

The chosen hydrological modelling approach is based on the dis-
cretization of a watershed into three-dimensional units, so called 
Representative Elementary Watersheds (REWs). In first publications on 
the REW approach (Reggiani et al., 1998), the model is described as an 
innovative hydrological model that simulates runoff and streamflow at 
the subwatershed scale. In this study, SRE data as well as satellite-based 
land cover and terrain data are prepared as model inputs. In the REW 
approach, Representative Elementary Watersheds (REWs) makeup the 
semi-distributed model domain. REWs constitutes a set of inter-
connected prismatic volumes that are organized around the stream 
channel network (Fig. 2). 

A REW contains multiple flow zones (Fig. 3) to represent specific 
runoff flow behavior. As such, the main hydrological characteristics of a 
catchment are embodied in the model approach. To capture the hy-
drological processes in terms of governing physical principles, REW- 
scale conservation laws for mass and momentum are stated for the 
flows within the zones that extend over characteristic temporal scales. 
Equations typically include Manning-type overland flow and channel 
flow (land surface flow) and Richards and Darcy-type unsaturated and 
saturated groundwater flow (subsurface zones). Fig. 3 shows zones and 
flow processes (after Reggiani and Majid Hassanizadeh, 2016). 

The actual flow within each element and zone (Qout) is assumed to be 
governed by the kinematic wave equation, which is obtained by 
combining the mass and momentum balance equation under the 
assumption of local steady-state. Detailed governing equations are 
shown in Reggiani et al. (2014). 

3.3.1. Model implementation 
The Kabompo Basin is discretized into 29 sub-watersheds (catch-

ments) using TAUDEM software (Tarboton, 1997; Yıldırım et al., 2015). 
NASA’s Shuttle Radar Topography Mission (SRTM) Digital Elevation 
Model (DEM) at 30 m resolution (https://earthexplorer.usgs.gov/) was 
processed to extract the channel network by performing flow accumu-
lation analysis. TAUDEM identifies the DEM pixels that belong to a 
drainage area and links the drainage areas to construct the stream flow 
network. A drainage area makes up the land surface area of a REW for 
which, by means of REWANALYSIS preprocessing software, a 3-D REW 
volume is extracted. REWANALYSIS also identifies neighboring REWs 
and respective lateral connectivity based on nearest neighbor analysis 
for individual pixels. For a detailed description of all steps and aspects 
involved, reference is made to Reggiani et al. (2014). In this study, we 
chose the stream network Strahler order 1 as threshold value for 
catchment delineation, yielding 29 REWs of different size and shape. 
Channel flow is routed using the mass-conservative Musk-
ingum-Cunge-Todini approach as proposed in Reggiani et al. (2014). We 
classified landuse/cover (LULC) in Kabompo Basin by considering 5 
classes (crops, forest, grass, open water and urban areas). Landsat 8 
images (30 m resolution) served classification for which we resorted to 
supervised classification using the Maximum Likelihood Classifier. 
Validation and accuracy assessment was by means of a confusion matrix 
(Foody, 2002). The different LULC types were the basis for partitioning 
each REW into smaller REW Elements, this following Elgamal et al. 
(2017). The DEM, LULC were resampled to grid resolution 
150 m � 150 m to match with the spatial resolution of other data inputs 
such as the soil layer. 

In the model setup flux/no-flux boundary conditions and initial 
conditions for stream flow, unsaturated and groundwater flow were set 
based on Reggiani et al. (2014). For the meteorological forcing of the 
model, daily estimates of precipitation and Penman-Monteith based 
potential evaporation are mapped from the coordinate points of the 
gauging stations through Kriging to the geometrical centroids of the 
REWs. For streamflow analysis, simulated streamflow at daily base is 
compared to daily counterparts recorded at the basin outlet’s Watopa 
gauging station. 

Fig. 2. A watershed subdivided into 13 REWs (left) and organization of REWs around the structure of the network (right) (Reggiani et al., 1998).  
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3.4. Calibration strategy 

As a first step in the modelling to evaluate effects of use of bias 
corrected SREs, the model is initialized, calibrated and validated based 
on in-situ rain gauge observations. Initialization or warming of the 
model was for the hydrological year October 2003–September 2004. 
Based on the split-sample test we selected the period October 
2004–September 2007 for model calibration and the period 2008–2010 
for model validation. Results of streamflow simulation were evaluated 
by comparing observed and simulated streamflow by Nash-Sutcliffe 
Efficiency (NSE) and Relative Volume Error (RVE) objective functions. 
In hydrological modelling practice a NSE of 0.6 in general indicates fair 
model performance, a value 0.8 indicates good performance. RVE can 
vary between þ∞ and � ∞ with optimum value of 0. RVE between þ5% 
to � 5% indicates a well performing model whereas a RVE between þ5% 
and þ10% and � 5% and � 10% indicates fair model performance. We 
note that interpreting model performance indices is not trivial and refer 
to Schaefli and Gupta (2007) for further discussion. 

Calibration in this study is done through an iterative process in 
which the model parameters were adjusted to optimize model perfor-
mance. Initial parameter values were set by considering values from 
previous studies (Lee et al., 2005; Reggiani and Rientjes, 2010, 2005; 
Varado et al., 2006). The first step in calibration aimed at simulation of 
baseflow in the dry season after which calibration aimed at higher 
streamflow in the wet season. Further optimization is aimed at matching 
streamflow for recession periods, for rising limb of the simulated 
hydrograph and for timing of the peak flow discharges. 

3.5. Model parameter optimization using different rainfall inputs 

Following the calibration procedure described above, model simu-
lations were evaluated for uncorrected and for bias-corrected rainfall for 
the period 2008–2013. Uncorrected and bias corrected CMORPH esti-
mates are extracted for each of the 29 REWS to represent rainfall across 
the study area. Since this study aims to assess how model parameters are 
affected by bias in the rainfall input, the model is recalibrated when bias 
corrected and uncorrected rainfall serves as rainfall forcing. Since 
rainfall inputs are dissimilar, we hypothesise that parameter values and 
model performance as measured by NSE and RVE are affected when in- 
situ rainfall is replaced by SREs. 

Rainfall bias is defined by systematic differences (errors) between 
gauge and SRE. In our approach we identify the mismatch (rbias (%) 

between simulated and observed streamflow as a result of rainfall bias. 
Any amplification or reduction of bias is referred to as error propaga-
tion. So bias correction serves to reduce mismatch between simulated 
and observed streamflow thus improving hydrological model studies 
with SREs. 

3.6. Sensitivity analysis for flow categories and Kabompo seasons 

In this study, we also aim to apply parameter sensitivity analysis for 
daily runoff events. Three classes are defined from 3 quantiles which 
indicate low (25th percentile), intermediate (25th � 50th percentile) 
and high flows (75th percentile). For this, quantiles are developed for 
the period 2008–2013 from the flow duration curve via the FDC 2.1 
software https://hydrooffice.org/Downloads?Items¼Software. Flows 
were also divided into wet and dry seasonal periods to assess the in-
fluence of seasonality on parameter sensitivity. The NSE and RVE serve 
for performance assessment. 

4. Results 

4.1. Results on rainfall bias correction 

Table 2 shows the percentage bias (2004–2013) for the uncorrected 
and corrected CMORPH estimates with respect to the gauge-based 
rainfall. Uncorrected CMORPH shows substantial overestimation for 
point-to-pixel (>15%) and for pixel-to-pixel (>13%) rainfall comparison 
respectively. Underestimation is for point-to-pixel (<� 21%) and for 
pixel-to-pixel rainfall (<� 10%) comparison. After bias correction, sub-
stantial improvement for correlation coefficient at daily base is observed 
for Kasempa station in the point-to-pixel comparison (0.19–0.72) as well 
as for pixel-to-pixel rainfall comparison (0.37–0.79). In all 6 stations, 
bias correction for rainfall totals is effective. We refer to Mwinilunga 
station in the Northern part of the basin where the ratio between rain 
gauge and CMORPH estimates improved after bias correction from 1.07 
to 1 for point-to-pixel, and from 1.16 to 1.02 for pixel-to-pixel rainfall 
estimates. 

The Taylor Diagram (Fig. 4) shows effectiveness of the bias correc-
tion scheme when results of individual stations are combined and pre-
sented for the whole basin. In terms of bias removal, the pixel-to-pixel 
rainfall comparison shows better performance than the point-to-pixel 
comparison. This is evidenced by the position of the dot representing 
the pixel-to-pixel bias corrected rainfall estimate which is relatively 

Fig. 3. Detailed view of the five sub-regions forming a REW (Reggiani and Majid Hassanizadeh, 2016).  
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closer to the reference point (indicated by red rectangle) and almost lies 
at the reference line of raingauge standard deviation. The performance 
for the Kabompo basin as a whole, resembles that reported for individual 
stations. 

4.2. Results of split-sample cross-validation 

Table 3 shows performance indices for the dry and wet season, 
calculated for,bias (mm/day) correlation and estimated ratio within the 
split-sample cross-validation framework. Results are summarised for the 
Kabompo basin but comparison of raingauge and CMORPH rainfall 
achieved by the point-to-pixel and pixel-to pixel techniques. There is 
much more improved correlation for the wet season as compared to the 
dry season. Negative biases which imply underestimation by CMORPH 
are observed for the wet season (max of � 11.59 mm/day) as compared 
to the dry season. Positive biases which signify overestimation are 
observed in the dry season (max of 33.28mm/day), this for uncorrected 
CMORPH. On the opposite, estimated ratio shows much more 
improvement for the dry season than the wet season. Except for the 
estimated ratio, bias and CC shows improvement for the pixel-pixel than 
for the point-to-pixel. Results for the split sample cross-validation 
approach resembles the ones obtained in the main performance assess-
ment period (2000–2015). The linear bias correction scheme results are 
applicable in the two time periods. 

4.3. REW model results 

4.3.1. Calibration and validation results 
In this study, calibration based on the gauge based rainfall estimates 

serves as a reference for further evaluation of CMORPH bias correction 
scheme. Fig. 5 shows the REW model calibration results. The REW model 
is able to reproduce the streamflow hydrograph for wet seasons with 
NSE of 0.70 and RVE of 3%. The time to peak for the simulated 
streamflow for the 2005 season show a delay with reference to observed 
streamflow. The NSE for the point-to-pixel comparison is 0.78 and the 
model shows overestimation of streamflow (RVE ¼ 4%). The model 
overestimates peaks with threshold > 800 m3/s. In Elgamal et al. (2017) 
using the REW approach in Magdalena River Basin, Colombia, under-
estimation of highest peaks is shown, and attributes this to the intrinsic 
model deficiencies in representing the mechanisms that contribute to 

Table 2 
Statistical scores for bias corrected and uncorrected CMORPH vs gauge-based rainfall (2004–2013) Top rows show point-to-pixel comparison, bottom rows show pixel- 
to-pixel comparison. UC shows uncorrected CMORPH, BC shows bias corrected CMORPH. Bold shows best performance.   

Kalabo Kaoma Kasempa Mwinilunga Solwezi Zambezi 

UC BC UC BC UC BC UC BC UC BC UC BC 

Point -to -pixel Bias 9.94 4.33 12.16 3.84 15.91 � 5.8 � 21.86 � 4.04 20.8 2.74 5.97 2.29 
RMSE 3.29 � 2.4 3.25 1.86 8.39 � 4.63 3.17 0.14 � 2.69 7.67 � 5.4 4.11 
rbias (%) 5.6 3.2 5.4 4.8 10.4 � 9.5 � 10.4 � 8.6 17.9 10.4 8.4 5.8 
CC 0.23 0.41 0.27 0.63 0.19 0.74 0.26 0.65 0.16 0.55 0.15 0.58 
Ratio 1.07 0.98 1.1 1.03 1.3 0.94 1.07 1 1.14 1.01 0.83 1.02 

Pixel- to -Pixel Bias 7.19 2.83 9.9 4.8 13.29 � 3.75 � 10.27 � 3.43 10.29 2.48 � 4.86 � 0.86 
RMSE 4.19 2.63 8.92 3.33 8.44 6.2 � 6.05 2.05 � 6.23 � 2.45 7.44 5.44 
rbias (%) 16.8 7.6 24.8 7.8 14.7 5.4 � 9.6 � 2.5 7.4 3.6 � 12.8 � 4.4 
CC 0.35 0.67 0.42 0.71 0.37 0.79 0.53 0.68 0.41 0.71 0.42 0.68 
Ratio 1.06 1.01 1.02 1 1 0.83 1 1.16 1.02 1.10 1.02 1.07 1.01  

Fig. 4. Taylor’s diagram showing comparison between the daily time series of 
rain gauge (reference) observations vs CMORPH corrected rainfall averaged for 
the Kabombo Basin for the period 2000–2015. The distance of the symbol from 
point (1, 0) is a relative measure of the bias correction’s performance. The 
position of each symbol appearing on the plot quantifies how closely precipi-
tation estimates by a respective bias-correction scheme match counterparts by 
rain gauges. The blue contours show RMSE (mm/day). (For interpretation of 
the references to colour in this figure legend, the reader is referred to the Web 
version of this article.) 

Table 3 
Cross-validation results for the period 1998–1999 for the wet and dry seasons of Kabompo Basin. bias??   

Rainfall Estimate Dry Season (April–Sept) Wet Season (Oct–March) 

Bias (mm/day) Correlation Estimated Ratio Bias (mm/day) Correlation Estimated Ratio 

Point-to-pixel Uncorrected 20.15 0.44 0.92 � 11.59 0.49 0.78 
Bias corrected 4.80 0.59 1.00 1.17 0.61 1.01 

Pixel-to-pixel Uncorrected 33.28 0.47 0.95 14.55 0.52 0.84 
Bias corrected 6.59 0.61 0.98 � 3.53 0.69 0.97  
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rapid response of the subsurface system. 
Fig. 6 shows observed and simulated streamflow for the validation 

period (2007–2010). The model is able to reproduce the observed 
streamflow although highest peaks are overestimated. NSE and RVE for 
the validation period are 0.67 and 8%, respectively, and indicate satis-
factory model performance. As such rainfall is accumulated to cause 

gradual changes in storage and delayed streamflow. 

4.3.2. Effects of uncorrected and bias corrected CMORPH rainfall on 
streamflow simulation 

For the 2008–2013 period, the REW model is used to evaluate how 
corrected and uncorrected CMORPH rainfall estimates effect simulated 

Fig. 5. Calibration results for Sept 2004–October 2007.  

Fig. 6. Validation results for the period Sept 2007–October 2010.  
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streamflow. Table 4 shows that simulated streamflow hydrograph using 
raingauge rainfall generally resembles the observed streamflow and 
indicates the best performance as compared to the use of uncorrected 
and bias corrected SRE. The uncorrected CMORPH estimates (point-to- 
pixel) show substantial overestimations for the mean discharge 
(observed 295.9 m3/s vs uncorrected CMORPH 332.3 m3/s), as well as 
the 4-year streamflow totals (54.0 � 104 vs 59.2 � 104 m3/s). Un-
derestimations for uncorrected CMORPH are found in the pixel-to-pixel 
rainfall estimate (mean discharge and streamflow total). When the 
model is forced with bias corrected CMORPH, the match between 
observed and simulated streamflow much improved for the pixel-to- 
pixel comparison (NSE ¼ 0.69 and RVE ¼ -3.8) although over-
estimation and underestimation are still observed. For the point-to-pixel 
comparison, NSE and RVE also are satisfactory (0.62 and 5.4%, 
respectively) but performance is little lower than for pixel-to-pixel 
comparison. 

Fig. 7 shows that for point-to-pixel rainfall comparison, 29% rbias in 
uncorrected CMORPH rainfall transform to 36% streamflow increases 
whereas for pixel-to-pixel comparision, 18% uncorrected CMORPH rbias 
transforms to 26% streamflow increase. For bias corrected CMORPH, 
rainfall rbias of 8% transforms to 6% streamflow reduction in the point- 
to-pixel rainfall comparison whereas 3% of corrected CMORPH rainfall 
rbias transforms to 2% streamflow reduction. The amplification of rbias 
for uncorrected CMORPH rainfall input and the reduction of bias for 
corrected CMORPH is referred to as error propagation. Overall we 
observe that small changes in rainfall input propagate to a larger volu-
metric change in runoff simulation. 

4.3.3. Parameter sensitivity analysis for low, intermediate and high flows 
The study assessed how model parameters are affected by error in the 

rainfall inputs after bias correction is applied. As such, the model is 
recalibrated using bias corrected rainfall. In theory, each rainfall input 
represents a specific model forcing condition and may result in different 
parameter values and model performance as measured by NSE and RVE. 
The result of a simple sensitivity analysis achieved by sequentially 
changing one model parameter value while keeping others at their 
optimal value indicates that soil porosity and saturated hydraulic con-
ductivity are the most sensitive model parameters, whereas Water table 
depth and Initial water content parameters are less sensitive. Fig. 8 
shows that when using raingauge rainfall for the full period 
(2008–2013) most of the optimized parameter values are within the 
allowable value ranges for both the point-to-pixel and pixel-to-pixel 
comparisons. Results also show that parameter optimization is 
affected by the rainfall input as shown by some unexpected high or low 
parameter values. In particular even after bias correction, sensitive pa-
rameters which control the volume of the simulated hydrograph showed 
large changes of up to 21% compared to the parameters using raingauge 
input (both pixel-to-pixel and point-to-pixel input). Factors that control 
ground water table depth and thus groundwater contributions to simu-
late base flows are less affected. The largest discrepancy between opti-
mized parameter values for gauge based and bias corrected SREs is 
found where there is largest rainfall underestimation. We note that this 
finding does not directly apply to other basins since model parameter 
optimization results are basin specific. 

We also note that rainfall bias changes in the time domain over 
respective satellite pixels and thus it is uncertain how magnitude of bias 
affects streamflow characteristics. We aim to model parameter 

Table 4 
Streamflow characteristics for observed and model simulations (Sept 2008–Oct 2013) for raingauge, uncorrected and bias corrected rainfall inputs. RVE and NSE are 
shows as well. Bold ¼ best performance.   

Observed runoff Raingauge simulated 
runoff 

Uncorrected CMORPH simulated 
runoff 

Bias corrected CMORPH simulated 
runoff 

Point-to- 
pixel 

Max (m3/s) 1214.8 1284.5 1038.6 1290.6 
Mean (m3/s) 295.9 300.6 332.3 315.9 
Streamflow total (m3/ 
s) 

54.0 � 104 53.3 � 104 59.2 � 104 53.5 � 104  

RVE (%)  5.0 9.8 5.4  
NSE  0.70 0.59 0.62 

Pixel-to-pixel Max (m3/s) 1214.8 1284.5 1124.6 1226.4 
Mean (m3/s) 295.9 300.6 226.4 292.2 
Streamflow total (m3/ 
s) 

54.0 � 104 53.3 � 104 49.9 � 104 53.3 � 104  

RVE (%)  5.0 � 6.0 � 3.8  
NSE  0.70 0.62 0.69  

Fig. 7. rbias (%) change from rainfall input to REW streamflow simulation for point-to-pixel and pixel-to-pixel (2008–2013).  

W. Gumindoga et al.                                                                                                                                                                                                                           



Physics and Chemistry of the Earth 115 (2020) 102809

10

sensitivity analysis for low, intermediate and high flows and assess how 
NSE and RVE are affected subject to sensitivity. Model parameter values 
for intermediate flows are close to the initial values. Fig. 8 shows that for 
high flows, large rainfall bias results in much more pronounced effects 
on the parameters than for low flows. This again affects parameters and 
we refer to Vald�es-Pineda et al. (2016) and Alazzy et al. (2017). 

The bias corrected CMORPH has a higher soil porosity for the high 
flows indicating a larger active soil layer that stores water and emptied 
by evaporation which is clearly attributed to the stronger effect of the 
multiplicative correction coefficient which has a larger effect on the 
higher CMORPH rainfall values. The bias correction has a higher scaling 
effect on high flows than the low flows. In the pixel-to-pixel and point- 
to-pixel comparison and for the low, intermediate and high flows, bias 
corrected CMORPH has improved NSE and RVE. The satisfactory model 
performance indicates the potential of CMORPH in water budget studies 
after applying a linear bias correction. CMORPH correction coefficients 
can be used to correct the bias of CMORPH where there is limited or no 
gauged rainfall data for the Kabompo basin. We note that the effect of 
different rainfall forcing becomes more tangible after recalibration. 

4.3.4. Parameter sensitivity analysis for wet and dry season 
Fig. 9 shows calibrated values of the REW model parameters for the 

dry and wet season. The values fall within their acceptable ranges for 
raingauge and bias in REW and represent fairly the characteristics of the 
Kabompo basin’s components, such as (soil porosity, saturated hydraulic 
conductivity, at a station depth scaling exponent and discharge area 
scaling coefficient). The soil porosity which is a function of the soil type, 
ranges from a lowest value of 0.5 to a highest of 0.65. Based on 
knowledge of the area, the higher porosity values were for the areas of 
sandy soil and wetland areas. Much more improved values are shown for 
the wet season as compared to the dry season. The saturated hydraulic 
conductivity slightly changed from its original value after calibration in 
the wet season. Major changes were observed for the dry season. After 
bias correction, the point-to-pixel also had the highest calibrated hy-
draulic conductivity of 0.008 m/s compared to 0.005 m/s for the pixel- 
to-pixel comparison. The water content at saturation is affected by the 
Discharge area scaling coefficient but is also sensitive to the initial water 
content. 

5. Discussion 

Rainfall-runoff modelling with bias corrected SREs is not yet 
explored in the Kabompo basin despite the strategic importance of the 
basin. This study aimed to evaluate effectiveness of a linear bias 
correction scheme for CMORPH SRE for the period 2004–2013. Appli-
cation of the scheme resulted in a reduction of bias by > 20%. The 
magnitude of the bias factors and the biases reported in Kabompo 
catchment resemble findings in Asadullah et al. (2008) for different 
regions in Uganda where daily CMORPH rainfall was used. Overall, 
pixel-to-pixel comparison shows better performance than point-to-pixel 
comparison as indicated by majority of the statistical indicators. Results 
of cross-validation for both corrected and uncorrected CMORPH confirm 
this finding. Availability of 6 irregularly distributed rain gauges over the 
Kabompo Basin, yielded meaningful results using the pixel-to-pixel 
comparison. The limitations of the pixel to pixel based interpolation 
techniques is that by this approach, centers of pixel distances may even 
become larger than actual station distances. 

We carried out REW model simulations to assess the effects of SREs 
on simulated streamflow when the model is calibrated with corrected 
and uncorrected CMORPH data as model rainfall-input. The objective 
function chosen here is NSE and RVE. We observed that REW model 
performance improved using bias-corrected SRE as compared to un-
corrected SRE input. The result indicated that use of bias corrected SRE 
improved REW model efficiency for RVE and NSE, by 58% and 11% 
respectively. In simular studies across the globe substantial improve-
ments are shown in model simulations which are reported for other SREs 
products as well. In the Tibetan Plateau, application of bias corrected 
CMORPH resulted in improved NSE for the HEC-HMS model calibration 
but observed peak discharges were consistently underestimated (Alazzy 
et al., 2017). The study by Najmaddin et al. (2017) in the Lesser Zab 
catchment in Iraq showed bias (%) of � 37.6% when forcing the Leicester 
Model for Semi-Arid Regions (LEMSAR) (Pullan et al., 2016) with un-
corrected TMPA-3B42 rainfall, but improved to � 2.6% after bias 
correction. After bias correction NSE improved from 45 to 66%. Liu et al. 
(2017) noted that the use of bias corrected SREs in the Mekong River 
Basin is promising for hydrological process simulation in data-sparse 
areas as revealed through the BTOPMC model Takeuchi et al. (1999). 

Fig. 8. Calibrated values of the REW model parameters using gauge and bias corrected CMORPH. Top panels represent pixel-to-pixel rainfall input and lowet panels 
the point-to-pixel rainfall input. 
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In this study we also aimed to apply parameter sensitivity analysis for 
low and high flows and for the wet and dry season. Improvement in the 
satellite streamflow simulations, when the model was calibrated with 
satellite data to replace rain gauge data, is mainly due to the parameter 
adjustments to overcome or counterweigh some of the errors in SREs. 
However, there is a limit to the improvement resulting from parameter 
adjustments, as can be seen from the relatively poor performance of 
CMORPH even when the model is calibrated with SRE. Such was 
observed for dry season and also for low and high flows. Parameter 
sensitivity analysis reveals a non-linearity in the rainfall-runoff relation 
and subsequent runoff generation in the REW model. 

6. Conclusions 

In this paper, uncorrected and bias corrected CMORPH satellite- 
based rainfall estimates were evaluated for application in the Repre-
sentative Elementary Watershed (REW) modelling approach in the 
Kabompo Basin, a headwater catchment of the Zambezi River. Bias 
correction is performed for six meteorological stations based on point- 
to-pixel and pixel-to-pixel comparisons. Conclusions in this study con-
tributes to efforts that aim towards enhancing applicability of SREs in 
rainfall-runoff modelling:  

1. Comparison of time series of raingauge data with uncorrected 
CMORPH rainfall estimates reveals that pixel-to-pixel rainfall com-
parison performs better than point-to-pixel comparison. Bias of un-
corrected CMORPH rainfall estimates indicate substantial 
overestimation (>20% point-to-pixel) but also underestimation 
(<� 15% for pixel-to-pixel) across the 6 stations. The linear multi-
plicative shift bias correction technique used well performed (20% 
bias reduction) to correct the SRE data in terms of the majority of 
analysed statistics and is most promising. The pixel-to-pixel com-
parison is more favourable as compared to the point-to-pixel com-
parison in terms of bias removal as shown by a Taylor diagram and 
cross-validation approach.  

2. This study targets the applicability of the REW model to read SRE’s 
and how SRE bias effects performance of the model to simulate 
specific streamflow hydrograph characteristics. This has implica-
tions on the water balance, if rain changes also water storage and 
thus streamflow may be affected. Not any study on the REW model 
addressed this issue and investigations in the Kabompo basins are 
unidentified. In this work, uncorrected as well as bias corrected 
CMORPH estimates result in different runoff model performance as 
assessed by NSE and RVE metrics.  

3. We applied parameter sensitivity analysis for low, medium and high 
flows and also for the wet and dry season. Optimized values of model 

Fig. 9. Calibrated values of the REW model parameters using gauge and bias corrected CMORPH for the wet and dry season. Top panels represent pixel-to-pixel 
rainfall input and bottom panels the point-to-pixel rainfall input. 
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parameters changed when in-situ based, interpolated rainfall inputs 
were replaced by bias corrected CMORPH rainfall inputs. In partic-
ular, parameters that control the volume of the simulated hydro-
graph showed largest change to the different rainfall inputs. 
Parameters remained all within physically acceptable ranges in the 
wet season as compared to the dry season. Similar findings were also 
observed for intermediate flows as compared to low or high flows.  

4. Overall, we conclude that the evaluation of the error associated with 
CMORPH rainfall estimates into model behaviour is indispensable 
for improving rainfall-runoff modelling. This study concludes that 
bias corrected CMORPH rainfall products have potential value for 
streamflow simulation in the Kabompo Basin. 
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