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Abstract

Background: The subbasin hydrologic behaviors have been altered by many natural and anthropologic factors
such as climate change and land development activities. Model-based assessment can be used to simulate both
natural hydrological processes, human-induced effects, and management strategies on water resources. For the
Ketar subbasin, the WEAP (water evaluation and planning) hydrologic model was developed that aimed at (1)
evaluating the application of the WEAP model in the Ketar subbasin, (2) evaluating the demonstration of the WEAP
model using model efficiency evaluation criteria, and (3) simulating hydrological processes of the subbasin using
the WEAP model.

Methods: WEAP-based soil moisture method (rainfall-runoff) hydrology routine is comprised of a lumped, one-
dimensional, two-layer soil water accounting that uses empirical functions to designate evapotranspiration, surface
runoff, interflow, and deep percolation for a sub-unit at root zone. A catchment is considered as the smallest
hydrologic response unit. The catchment’s surface hydrological balance is typically estimated by discretizing the
catchment into multiple land uses for which water balance is estimated at root zone.

Results: The monthly measured and simulated streamflow statistics showed a positive strong relationship with R2

of 0.82, NSE of 0.80, and IA of 0.95; and with R2 of 0.91, NSE of 0.91, and IA of 0.98 for calibration and validation
periods respectively. Similarly, the mean monthly measured and simulated streamflow showed an agreement with
R2 of 0.99, NSE of 0.97, and IA of 0.99, and R2 of 0.94, NSE of 0.93, and IA of 0.93 for the periods of calibration and
validation respectively.

Conclusion: The model has demonstrated the capability to represent the hydrologic dynamics of the subbasin
both at monthly and mean monthly periods. In general, the overall model performance evaluation statistics show a
very good agreement between measured and simulated streamflow at the outlet of the subbasin.

Keywords: Hydrologic processes, Model, Soil moisture method

Background
A proper understanding of subbasin hydrological pro-
cesses is essential to estimate changes in the dynamic
response of a hydrologic system in spatio-temporal di-
mensions. The earth’s hydrological system encompasses

physical processes like precipitation, evapotranspiration
(ET), overland flow, infiltration, recharge or discharge,
and groundwater flow and their interactions in the atmos-
phere, land surface, and sub-surface that govern water
movement, distribution, and change from one system to
the other (Delfs et al. 2013; Niu et al. 2014). These could
be largely influenced by meteorological parameters (pre-
cipitation, temperature, solar radiation, wind speed, and
relative humidity), land surface properties, and soil param-
eters. To estimate hydrologic parameters, models are
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widely used. Hydrological models are simplified mathem-
atical representation of a real-world system that is used to
enhance the understanding, prediction of hydrologic pro-
cesses (Pacheco 2015; Santos et al. 2014).
In the recent decade, hydrologic models play a very

crucial role in properly characterizing subbasin proper-
ties by predicting target parameters based on input data.
They provide a chance to estimate some variables that
are difficult to measure in the field because of their in-
herent nature (may vary in spatio-temporal scale)
(Wheater et al. 2010). Moreover, well-developed, cali-
brated, and validated models can be used for different
applications such as impact evaluation of change in
some of the input variables (e.g., land-use change, cli-
mate change, development activities are a few among
others), and suitable for setting scenarios and analysis.
Generally, there are two classes of modeling tech-

niques that are intensively used to estimate time series
hydrologic parameters (Mohammadi et al. 2020a, b, c).
These are the physical-based models and artificial
intelligence (AI) models. Recently, the applications of
artificial intelligence models have been widely and effect-
ively used to predict hydrologic and meteorological pa-
rameters (Mohammadi et al. 2020a, b, c). The artificial
intelligence models can estimate required parameters
based on a series of input predictors without under-
standing the physical processes (Mohammadi et al.
2020a, b, c). In contrast to the artificial intelligence
model, the physically based models are used to simulate
time series hydrologic parameters through modeling the
potential interactions among various factors (Fang et al.
2019; Wang et al. 2016). These groups of models have
been widely practiced across the world; for instance,
SWAT (Arnold et al. 1998) and the WEAP (SEI 2007)
are a few among others.
Currently, the Central Rift Valley (CRV) basin has

been facing challenges for satisfyingever-growing
demands for water, domestic use, irrigation, and the re-
quirement for environmental flow to maintain
ecosystem health (Alemayehu et al. 2006; Ayenew 2007;
Legesse and Ayenew 2006; Pascual-Ferrer et al. 2013).
Consequently, competition has steadily tightened for
Lake Ziway water abstraction among many water users
(Pascual-Ferrer et al. 2014). Besides, the sustainability of
water resources has become more challenged under
potential impacts of human-induced changes such as
land development and climate change. Effective water
resources management depends on a thorough under-
standing of the quantity and quality of available water in
the subbasin (Lorenz and Ziegeweid 2015).
Therefore, a model-based assessment can be used to

simulate both the natural hydrologic processes, human-
induced effects, and management strategies on water re-
sources (Dougherty et al. 2007; Lerner 2002; Scanlon

et al. 2007). Presently, water resources management is
primarily used model-based scenario analysis to explore
different alternatives. Water resources modeling is a re-
quirement, and an essential part of scenario analysis in
water resources management for which different generic
software platforms can be used depending on the spe-
cific purpose (Ahmadi et al. 2018). In Ethiopia, several
hydrological studies have been developed using physic-
ally based models (Desta and Lemma 2017; Legesse et al.
2003; Zeray et al. 2007). Specifically, in the CRV basin,
some of these hydrological models have been conducted
to evaluate the hydrologic response of the basin.
It is well known that basin hydrologic processes can be

altered by changing land development and climate condi-
tions. For instance, the hydrological response of the main
Ethiopian Rift valley basin to land use and climate change
on streamflow, as well as lakes level fluctuation was studied
with physically based distributed Precipitation Runoff Mod-
eling System (PRMS) model (Legesse et al. 2003, 2004,
2010). They have investigated the basin’s hydrologic pro-
cesses (ET, surface runoff, interflow, baseflow components,
and evaporation of lakes). Another study with Soil Water
Assessment Tool (SWAT) model was used by Zeray et al.
(2007) to assess the impact of climate change on Ziway
Lake water level. The same model was developed to assess
the hydrologic processes and distributed water balance of
the Ketar subbasin (Desta and Lemma 2017). However, in-
tegrated hydrological and water resource models have not
been done to date. In this effect, water evaluation and plan-
ning (the WEAP) model was selected to be implemented in
the CRV basin. The WEAP modeling software, developed
by the Stockholm Environment Institute (SEI) was used as
a basis for building the hydrology component. It is water re-
sources modeling system that includes options to simulate
both the natural rainfall-runoff processes and the manage-
ment of implemented water system (Yates et al. 2005). Pre-
viously, the WEAP has been successfully applied to
agricultural and urban catchments for the simulation of cli-
mate, land use, and population growth in many parts of the
world (Höllermann et al. 2010; Joyce et al. 2006; Mehta
et al. 2013; Purkey et al. 2008).
Therefore, this study aimed at (1) evaluating the appli-

cation of the WEAP model in the Ketar river subbasin,
(2) evaluating the demonstration of the WEAP model
using model efficiency evaluation criteria, and (3) simu-
lating hydrological processes of the subbasin using the
WEAP model.

Methods
Description of the Ketar subbasin
The Ketar River subbasin is located in the central part of
the main Ethiopian Rift Valley basin (Fig. 1) with a drainage
area of 327,160 hectares. It supports more than 675,000 res-
idents’ livelihoods that mainly rely on subsistent farming.
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Fig. 1 Geographical location of the Ketar subbasin
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The Ketar upstream subbasin is one of the main feeders of
water to the Lake Ziway. Eventually, the overflow from
Lake Ziway has a major share in sustaining Lake Abijata.
The subbasin can be divided into three physiographic re-
gions: the rift floor (<1750 masl), the transitional escarp-
ment (1750–2000 masl), and the highlands (>2000 masl).
Similarly, the climatic conditions characterizing the rift
floor, the escarpment, and the highlands differ greatly.
Mean annual rainfall over the entire basin is around 900
mm, showing high spatial variations as no more than 700
mm/year and as high as 1200 mm/year in the rift floor and
highlands respectively. There is also temporal variability of
total rainfall around 59% occurs during the rainy season
(June–September), the remaining 28%, and 13% fall during
months of Match–May and October–February respectively
(Pascual-Ferrer et al. 2014).
The mean annual temperature is about 15°C in the

highlands and around 20ºC in the rift and actual ET var-
ies from around 900 mm/year in the highlands to
650 mm/year in the rift (Ayenew 2003). The climate is
humid to sub-humid in the highlands and semi-arid in
the rift floor. The hydrology of the region is character-
ized by seasonal variations. Since precipitation is the
only input of water that is available for ET, surface run-
off, recharge to groundwater, and interflow, and in turn,
it determines stream flow that mostly feeds the lakes.

Hydrologic model development
The WEAP hydrologic model was applied to evaluate
the hydrologic behavior at the subbasin or land-use

level. It is a lumped continuous model that is based
on rainfall-runoff method (soil moisture method).
This takes into account a one-dimensional, 2-layer
(or “bucket”) soil moisture dynamic accounting sys-
tem that uses empirical functions to partition water
into ET, surface runoff, sub-surface runoff (i.e.,
interflow), and deep percolation for a subbasin unit
at the root zone (Eq. 1) and shown in Fig. 2 (SEI
2007). One of the most important input data is the
climate dataset as precipitation, temperature, relative
humidity, and wind speed. The subbasin has a
unique climate dataset that is uniformly distributed
across subbasin.
This method allows for the characterization of land

use, climate, and/or soil type impacts to these pro-
cesses. The Ketar subbasin is fractionally subdivided
into a unique set of independent land use/land cover
classes (j) which sums up 100% of the sub basin’s
area. To reflect the lumped hydrologic response,
LULC values from each fractional area within the
subbasin are then summed, with the surface runoff,
interflow, and base flow being linked to a river fea-
ture and ET being lost from the system. For each
fractional area, j of N, a water balance is computed.
When proper linking is made between the subbasin
unit node and a groundwater node, the deep percola-
tion within the subbasin unit can be transmitted to a
surface water body as baseflow or directly to ground-
water storage and finally, the water balance empirical
equation was computed as follow (SEI 2007).

Fig. 2 Conceptual diagram and equations incorporated in the soil moisture model after (Sieber and Purkey 2015)
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Where Z1, j ϵ⌊0, 1⌋ is relative soil water storage, a frac-
tion of the total effective water storage in the root zone
layer land use j [dimensionless], j is land use and land
cover unit (e.g., cultivated land, forest land, shrub) and
each subbasin has N fraction of land use and land cover
units, Rdj is soil water holding capacity of land use j
[mm], Pe is effective precipitation [mm], ET0(t) is refer-
ence evapotranspiration [mm/day], Kc,j is crop coeffi-
cient land use j; RRFj is runoff resistance factor of land

use and land cover j, PeðtÞZRRF j

1; j is the surface runoff, f j
kz; jZ2

1; j is interflow from the first layer land use j, fj is

partitioning coefficient related to the land cover type,
soil, and topography for the area j, that divides flow into
horizontal fj and vertical (1−fj) flows, and Ks, j is satu-
rated hydraulic conductivity of the root zone layer of
land use j [mm/time].
In Eq. (1), the second term represents the reference

ET; it is estimated using the Penman-Monteith equation
modified for a standardized crop of grass, 0.12 m in
height and with a surface resistance of 69 s/m. Continu-
ing with Eq. (1), the kc,j is the crop/plant coefficient for
each fractional land cover. The third term represents
surface runoff, where RRFj is the runoff resistance factor
of the land cover. Higher values of RRFj lead to less sur-
face runoff. The fourth and fifth terms are the interflow
and deep percolation terms, respectively, where the par-
ameter ks,j is an estimate of the root zone saturated con-
ductivity (mm/time) and fj is a partitioning coefficient
related to soil, land cover type, and topography that frac-
tionally partitions water both horizontally and vertically.
Thus, total surface runoff (RT) and interflow, from

each sub-catchment at time t is given as Eq. (2).

RT tð Þ ¼
XN

j¼1
AjPe tð ÞZRRF j

1; j Þ ð2Þ

The total interflow (IF), for each sub-catchment at
time t, is given as Eq. (3).

IF tð Þ ¼
XN
j¼1

Aj f jks; jZ
2
1; j ð3Þ

When an alluvial aquifer is introduced into the model
and a runoff/infiltration link is established between the
watershed unit and the groundwater node and ground-
water recharge (R) (volume/time) to the aquifer is com-
puted as follows:

R ¼
XN

j¼1
Aj 1− f j
� �

Ks; jZ
2
1; jÞ ð4Þ

For applications where no return flow link is created
from a catchment to a groundwater node baseflow em-
anating from the second bucket is computed as

Smax
dz2
dt

¼
XN

j¼1
1− f j
� �

Ks; jZ
2
1; j

� �
−Ks;2Z

2
2; j ð5Þ

Where the inflow to this storage, Smax is the deep per-
colation from the upper storage given in Eq. (1) and Ks,2

is the saturated conductivity of the lower storage (mm/
time), which is given as a single value for the subbasin,
and therefore, does not include a subscript, j.
Actual evapotranspiration (ET) is also estimated using

reference ET, crop coefficient (Kc), and soil water level
in the modeling unit root zone given by Eq. (6).

ET ¼ ET 0 � Kc 5Z1−2Z1
2

� �
=3 ð6Þ

ET0 is commonly known to be the amount of water
from a land surface that would be lost to the atmosphere
where water is adequate to meet the demand for atmos-
pheric evaporation from the reference surface. ET0 esti-
mation uses standard climatological records of solar
radiation (sunshine), air temperature, humidity, and
wind speed above an extensive surface of green grass,
shading the ground, and not short of water (Allen et al.
1998). The Penman-Monteith method to estimate ET0 is
expressed as:

ET0 ¼
0:408Δ Rn−Gð Þ þ γ

900
T þ 273

u2 es−eað Þ
Δþ γ 1þ 0:34u2ð Þ ð7Þ

Where, ET0 is the reference evapotranspiration (mm/
day), Rn is the net radiation at the crop surface (MJ/
m2day), G is soil heat flux density (MJ/m2day), T is
mean daily air temperature at 2 m height (°C), u2 is the
wind speed at 2 m height (m/s), es is the saturation
vapor pressure (kPa), ea is the actual vapor pressure
(kPa), es − ea is saturation vapor pressure deficit (kPa), Δ
is slope vapor pressure curve (kPa /°C), and γ is the psy-
chrometric constant (kPa/°C).

The WEAP model calibration and validation
Model calibration (parameter estimation) primarily
aimed at obtaining a set of parameters applicable to the
subbasin to reasonably represent the hydrology of the
Ketar River at the Abura gauging station. It involves the
automatic (Doherty 2010) and/or manual adjustment of
model parameters to minimize the difference between
observed and simulated values by tuning the model par-
ameter values (Ingol-Blanco and McKinney 2013). In
this study, the manual approach (trial-and-error) was
used to fit as closely as possible; the simulated and
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measured streamflow data. The WEAP embedded soil
moisture method involves seven soil and land use-related
parameters (Ingol-Blanco and McKinney 2013; Sieber and
Purkey 2015) that can be used to re-calibrate the hydro-
logic model. These are crop coefficient (Kc), soil water
capacity (Sw), deep water capacity (Dw), runoff resistance
factor (RRF), the conductivity of root zone (Ks), conductiv-
ity of deep zone (Kd), preferred flow direction (f) and
initial storage fraction at the beginning of simulation of
upper soil layer (Z1) and initial storage fraction at the be-
ginning of simulation of lower soil layer (Z2).
On the other hand, the main importance of imple-

menting hydrologic models is to model subbasin hydro-
logic conditions. In this effect, the model validation
process is essential to assess the validity of a model to
simulate the hydrologic response of subbasin for condi-
tions unlike that used during the calibration period
(Legesse et al. 2003).

The WEAP model performance evaluation measures
The model performance was assessed using various
techniques: (1) joint plots of the monthly and mean
monthly simulated and observed hydrographs, (2) com-
monly used statistical methods. The coefficient of deter-
mination (R2) (Krause et al. 2005); Nash-Sutcliffe
coefficient of efficiency (NSE) (Nash and Sutcliff 1970),
index of agreement (IA) (Willmott 1981), root mean
square error (RMSE), and RMSE-observations standard
deviation ratio (RSR) (Singh et al. 2005) were used to
measure the goodness-of-fit of a model as below:

R2 ¼
P

Xi−X
� �

Y i−Y
� �� �2P

Xi−X
� �2P

Y i−Y
� �2 ð8Þ

NSE ¼ 1−

Pn
i¼1 Xi−Y ið ÞPn
i¼1 Xi−X
� �2

2

ð9Þ

IA ¼ 1−

Pn
i¼1 Xi−Y ið Þ2Pn

i¼1 Y i−X
�� ��− Xi−X

�� ��� �2 ð10Þ

RSR ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1 Xi−Y ið Þ2
q
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1 Xi−Y
� �2q ð11Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1 Xi−Y ið Þ2
n

s
ð12Þ

Where Xi, Yi;X , Y ; and n denote the ith measured
monthly discharge data, the ith simulated monthly
discharge data, the mean of the measured monthly
discharge data, the mean of the simulated monthly
discharge data, and the total number of observation
data respectively. These methods of model

performance evaluation metrics have successfully been
implemented with the WEAP model (Barbaro and
Zarriello 2006; Ingol-Blanco and McKinney 2013;
Mccabe and Legates 1999) for measured and simu-
lated flows over the calibration and validation periods.

The WEAP model input data
To simulate the subbasin monthly hydrological
processes with the WEAP hydrological model, me-
teorological data are required including monthly
precipitation, temperature, wind speed, and relative
humidity in addition to land use and soil layer
depth, and geographic latitude data. Fifteen years
(1991–2005) of monthly precipitation data were col-
lected from 5 meteorological stations and used both
model calibration and validation periods. To estimate
the average areal precipitation (depth) across the
subbasin, the Thiessen polygon method was used,
and the station weight percentage is presented in
Table 1. The average monthly temperature, relative
humidity, and wind velocity data were obtained for
the years 1991–2005 from National Meteorological
Agency (NMA). The long-term average monthly pre-
cipitation, ET0, discharge, and temperature were
shown in Fig. 3.
Besides climatic data, the land use and land cover

(LULC) have also a significant role in determining the
hydrologic processes for the subbasin. The land use
and land cover maps were developed by MOWIE and
the LULC types and their percentage is described in
Table 2 and Fig. 4. The daily discharge data were ob-
tained from the MOWIE for the Ketar River at Abura
for the period of 1991–2005 and later summed to
monthly time steps and pictorially presented in Fig. 3.
Of which the monthly data from 1991 to 2000 and
2001 to 2005 were used for calibration and validation
respectively. The missing data were filled by the linear
interpolation method. Another important data input
is the soil layer depth and hence the soil depth con-
sidered is 500 mm and 250 mm for the top and bot-
tom layers respectively.

Table 1 Precipitation percentage weight of stations by Thiessen
polygon method in the Ketar upstream

Station Weighted percentage

Asella 13.7

Bekoji 35.73

Degaga 4.41

Ketar genet 34.63

Kulumsa 11.5

Sum 100
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Results and discussion
Model: calibration and validation
The monthly based climatic data such as precipitation,
average temperature, relative humidity, sunshine hour,
wind speed, land use, and soil parameters were used to
simulate streamflow outputs. The model was calibrated
to estimate land use and soil-related parameters using
the manual (trial-and-error) method until a good fit is
observed between the measured and simulated stream-
flow. Figure 5 shows a schematic diagram of flow chart
for input and output, and modeling processes using the
WEAP hydrologic model.
Table 3 shows a range of values for the estimated or

calibrated model parameters. Figure 6a and b shows the
observed and simulated monthly runoff for the Ketar
River basin for the calibration and validation periods re-
spectively. The monthly hydrographs of measured and
simulated streamflow statistics presented in Table 4
showed a stronger agreement with R2 of 0.82, NSE of
0.80, and IA of 0.95 for the calibration period. For the

validation period, there was a reasonably very good
agreement between the measured and simulated stream-
flow during this period with R2 of 0.91, NSE of 0.91, and
IA of 0.98. On the other hand, the mean monthly mea-
sured and simulated streamflow as shown in Fig. 7a and
Table 6 exhibited a strong agreement with R2 of 0.99,
NSE of 0.97, and IA of 0.99 for the calibration period.
Figure 7b showed that for the mean monthly measured
and simulated streamflow for the validation period, the
achieved performance was with R2 of 0.94, NSE of 0.93,
and IA of 0.93 for the mean monthly period.

Model performance evaluation
The efficiency of the model performance was tested
using statistics from the model simulated output and
measured streamflow data. According to Santhi et al.
(2001), Van Liew et al. (2007), the values of R2 that are
greater than 0.5 are acceptable with higher values indi-
cating less error variance. For monthly hydrographical
data, NSE values range between −∞ and 1.0 and values
between 0.75<NSE≤1 and 0<=RSR≤0.5 rated as very
good; 0.65<NSE≤0.75 and 0.5<RSR≤0.6 as good; 0.5<
NSE≤0.65 and 0.6<RSR≤0.7 as satisfactory; and NSE≤0.5
and RSR>0.7 rated as unsatisfactory for monthly data
(Moriasi et al. 2007). Another model performance
evaluation is the IA that can be used as a standard-
ized measure of the degree of model prediction error
and with values range from 0 to 1; the value of 1 in-
dicates a perfect agreement and 0 indicates no agree-
ment at all between the measured and simulated
values (Willmott 1981).
For the calibration period, the model performance was

achieved to simulate streamflow with R2, NSE, IA, and
RSR values of 0.82, 0.8, 0.95, and 0.44 respectively. Ac-
cording to Moriasi et al. (2007), this result has shown a

Fig. 3 Mean monthly temperature (Temp), evapotranspiration (ET0), discharge, and precipitation (Prec)

Table 2 Land use and land cover data of Ketar subbasin in
2003

Land use/land
cover

Ketar subbasin area

Hectare Percentage

Cultivated land 210,841.5 64.4

Grassland 1628.7 4

Forestland 11,564.1 20

Shrubland 96,150.5 9.4

Barren land 6732.2 2.1

Waterbody 190.0 0.1

Wetland 54.3 0.0

Total area (hectare) 327,161 100
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very good agreement between monthly measured and
simulated streamflow in the Ketar River subbasin. Like-
wise, for the validation period, there was a reasonably
good agreement between the measured and simulated
flows with R2 of 0.91, NSE of 0.91, IA of 0.98, and RSR
of 0.3 during this period. On the other hand, the mean
monthly measured and simulated streamflow (Table 4)
shows a stronger agreement with R2 of 0.99, NSE of
0.97, IA of 0.99, and RSR of 0.15 for the calibration
period. For the validation period, the model performance
agreement indices were R2 of 0.94, NSE of 0.93, IA of
0.93, and RSR of 0.25 for the mean monthly period. In
general, the model was able to maintain a very good

agreement in reproducing the overall streamflow
characteristics.
Similarly, previous studies have confirmed that the

capability of the WEAP hydrologic model in reproducing
catchment hydrology processes in a different part of the
world (Table 5). Among these, Asghar et al. (2019) re-
ported the WEAP hydrologic model to attain the NSE
and R2 values of 0.85, 0.86, 0.89, and 0.87 for the
monthly calibration and validation periods between the
measured and simulated streamflow in the central Indus
basin, respectively. From five gauging stations in the
Western Algeria watersheds, ranging values of NSE=
0.23–0.88, and R2=0.74–1.0 were achieved between

Fig. 4 Land use land cover map of the Ketar subbasin
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measured and simulated average monthly flows (Hamlat
et al. 2013). To balance future water availability and de-
mand, the WEAP model was applied in Benin (Höller-
mann et al. 2010) obtained values NSE=0.91, R2=0.92,
and NSE=0.78 and R2=0.83 for calibration and validation
periods, respectively. To assess the potential impacts of
climate and land-use change on irrigation water supply
in the USA, the WEAP hydrologic model was developed
by Mehta et al. (2013) and the model has demonstrated
the capability with values of NSE=0.91, R2=0.92, and

NSE=0.78 and R2=0.83 at calibration and validation pe-
riods between measured and simulated flows data
respectively.
Finally, Ingol-Blanco and McKinney (2013) developed

the WEAP model to assess the hydrologic processes in
Rio Conchos Basin, Mexico. Six gauging stations were
used in the basin for model performance evaluation.
Values of NSE=0.65–0.87; R2=0.92-0.97, and NSE=0.60–
0.88 and R2=0.92–0.97 pertinence between measured
and simulated flows were found respectively.

Fig. 5 The schematic diagram for WEAP hydrologic model procedure

Table 3 Range of values for the estimated parameters used in the WEAP model for the Ketar River subbasin

Parameters Definition Range in values

Kc Crop coefficient 0.34–1.05

SWC Effective soil water capacity of the upper layer (mm) 500

DWC Effective soil water capacity of the lower layer (mm) 250

RRF Runoff resistance factor 2.5–405

RZC Root zone rate of conductivity at full saturation (mm/month) 0.8–-179

DC Rate of conductivity of deep layer at full saturation (mm/month) 4–24

PF Preferred flow direction 0.65

Z1 Initial storage fraction of upper layer at the beginning of the simulation (%) 28–50

Z2 Initial storage fraction of lower layer at the beginning of the simulation (%) 70
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Hydrological processes
Precipitation is the only source of water input for the
subbasin and it amounts to 930 mm annually in-depth.
Over 60% of global precipitation is consumed by ET and
it is tough to get accurate methods to determine it in
less time and cost-effective (Mohammadi and Mehdiza-
deh 2020; Wang et al. 2019), since it is the major com-
ponent of the hydrologic cycle affecting water resource
availability and important in water resource develop-
ment and management (Abtew and Melesse 2013).
Long-term monthly values hydrological components of
the Ketar subbasin are presented in Table 6. This study
indicated that the ET loss was estimated to 799 mm/
year. The remaining is the streamflow (runoff) compo-
nents in order of their contribution are the interflow,
baseflow, and surface runoff account 8 mm/year, 4.5
mm/year, and 1.3 mm/year respectively. ET loss ac-
counts for 86% of overall precipitation available water.
This result is consistent with the study by Jansen et al.

(2007) which indicated that 88% of precipitation is
consumed by ET in the CRV basin of Ethiopia. In
some months, ET exceeded the amount of precipita-
tion in January, October, November, and December.
On the contrary, in months ranging from March to
August ET was less than the precipitation amounts
and nearly equal in February and September. On the
other hand, the remaining 14% of precipitation is the
Ketar streamflow (runoff) which is comprised of 4.5%,
8%, and 1.3% baseflow, interflow, and surface runoff
respectively.
Another study by Desta and Lemma (2017) using the

SWAT model shows lower values as compared to the
current study that ranges from 64–69% of precipitation
lost to the atmosphere through ET. The relative propor-
tion of the three components of the runoff (baseflow,
interflow, and surface runoff) depends on the physical
characteristics of the watershed, the land use, soil, top-
ography, geomorphology, and geology characteristics.

Fig. 6 Monthly hydrograph of measured and simulated streamflow of the Ketar River at Abura gauging station and monthly precipitation of the
subbasin: a the calibration period and b the validation period
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The annual discharge (runoff) proportion of the Ketar
River was estimated to 14% of annual precipitation.
Subsequently, it is composed of 58% interflow predom-
inantly from June to October and followed by 32% base-
flow which sustained throughout the year, and 10%
surface runoff that mostly occurs in July, August, and
September. These results are consistent with the study
by Legesse et al. (2003) using the PRSM model in the
same subbasin. The same authors revealed that of the
total annual flow, the interflow was about 60% and the
most important component during the rainy season,
while the baseflow was 30% that maintains the river run-
off during the dry season. The same study explains an
abundance of interflow and baseflow as compared to
surface runoff associated with a presence of huge pro-
portion of cultivated/grazing land in the subbasin that
enhances infiltration in the soil zone and thereby lateral
subsurface flow along subsurface channels, macro-pores,
and fractures. Contrary to this, the less contribution of
surface runoff to the streamflow is explained by the ab-
sence of significant impervious surfaces in the subbasin
(Legesse et al. 2003).

Conclusion
The model performance evaluation statistics shows a
very good agreement between measured and simulated
monthly streamflow at the outlet for both the calibration
and validation periods. The WEAP model outcome re-
vealed that the lion’s share of available water returns to
the atmosphere via ET in the subbasin. The annual
stream discharge is mainly composed of interflow that
contributes a major part of flow during the wet season
and is followed by the baseflow that is critical to sustain-
ing the streamflow during the dry season. While consid-
ering water availability in a temporal context, more than
80% of the annual total runoff is concentrated in 4
months (July–October) and the remaining months
largely depend on the baseflow contribution to the
streamflow. This is because of the seasonality of rainfall
in the catchment. However, in recent years, water re-
quirement for irrigation particularly is increasing in the
dry periods as a result of little precipitation in these
months.
Therefore, the sustainable water availability of the

Ketar stream throughout the year is largely dependent

Table 4 Summary of model performance statistics for measured and simulated the Ketar monthly and mean monthly streamflow at
Abura gauging station

Statistics Monthly Mean monthly

Calibration period 1991–2000

Drainage area (ha) 327,161

Number of months 120

Mean measured flow (m3/s) 13 12.52

Mean simulated flow (m3/s) 12.5 12.98

Standard deviation (SD) measured 17.8 16

Standard deviation (SD) simulated 17.2 18.2

Coefficient of determination (R2) 0.82 0.99

Nash-Sutcliffe coefficient (NSE) 0.80 0.97

Index of agreement (IA) 0.95 0.99

Root mean square error (RMSE) 7.62 6.56

RMSE-observations standard deviation ratio (RSR) 0.44 0.15

Validation period 2001–2005

Number of months 60

Mean measured flow (m3/s) 10.4 10.4

Mean simulated flow (m3/s) 9.6 9.6

Standard deviation (SD) measured 14.5 13.1

Standard deviation (SD) simulated 14.4 13.3

Coefficient of determination (R2) 0.91 0.94

Nash-Sutcliffe coefficient (NSE) 0.91 0.93

Index of agreement (IA) 0.98 0.98

Root mean square error (RMSE) 4.3 3.3

RMSE-observations standard deviation ratio (RSR) 0.3 0.25
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Fig. 7 Mean monthly hydrograph of measured, simulated flows of Ketar River at Abura gauging station for a the calibration and b the validation
period; black line and green line error bars indicate the standard error of monthly measured and simulated flows respectively

Table 5 Comparison of WEAP hydrologic model performance evaluation with other similar studies elsewhere

Country
of origin

Model accuracy statistics Modeling
periods

Reference

R2 NSE

Ethiopia 0.82 0.8 Calibration Present study

0.91 0.91 Validation

Pakistan 0.96 0.85 Calibration (Asghar et al. 2019)

0.87 0.89 Validation

Algeria 0.74–1.0 0.23–0.88 (Hamlat et al. 2013)

Benin 0.92 0.91 Calibration (Höllermann et al. 2010)

0.83 0.78 Validation

USA 0.92 0.91 Calibration (Mehta et al. 2013)

0.83 0.78 Validation

Mexico 0.92–0.97 0.65–0.87 Calibration (Ingol-Blanco and McKinney 2013)

0.92–0.97 0.60–0.88 Validation
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on the baseflow, and anything that alters the hydrologic
behavior of the subbasin may impact the amount and
the sustainability of streamflow. Later, it may affect se-
quentially the downstream water users and water level
of Lake Ziway and lastly Lake Abijata. The model can be
used for further related to the impacts of climate change
and land use/land cover dynamics on the subbasin hy-
drology that in turn affects the basin water availability.
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