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Abstract

Hydrological models are essential to understand the hydrological response of the basin. It is one of the most significant
aspects of water resources management and development programs at the small catchment or basin level. A semi-distributed,
physical-based hydrologic modeling system, SWAT, was used to model the hydrological responses of the Upper Blue Nile
basin. The model was calibrated and validated using the sequential uncertainty fitting (SUFI-2) algorithm in SWAT-CUP.
The coefficient of determination (R?), Nash—Sutcliffe efficiency (NSE), and percent of bias (PBIAS) were used to measure
the performance of the model. The value of R?, NSE, PBIAS was range from 0.81-0.85, 0.68-0.83 and — 10.8 to (— 4.7%)
during calibration and 0.89-0.93, 0.88-0.89 and 8.3-9.7% during validation period, respectively. The results indicated a
strong correlation between the observed and simulated streamflow during the calibration and validation periods. The over-
all hydrological water balance analysis showed that 49.5% of precipitation is lost by evapotranspiration, while 22.43% of
precipitation is contributed to streamflow as surface flow. Furthermore, the hydrological water balance components of the
basin showed a good spatial correlation. Since the water resource planning and management need the temporal and spatial
water resource information, the results of this study will be used as a guide for the proposed water resource development
projects of the basin.
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Introduction

Hydrology is the science that studies the water cycle and its
movement in terms of the topographic features of an area
(Zhihua et al. 2020). A river basin or watershed is an area
over which various hydrologic processes such as precipita-
tion, snowmelt, interception, evapotranspiration, infiltration,
surface runoff, and sub-surface flow are integrated (Islam
2011). Understanding the amount of water produced in the
river basin in many ways is essential for managing water
resources (Zhihua et al. 2020). However, the estimation of
the hydrological parameters by the conventional method
is not reliable and time-consuming (Gull and Shah 2020).
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Besides, the spatial and temporal occurrences of both sur-
face water resource and groundwater resources within most
watersheds are not properly known (Tufa and Sime 2020).

Consequently, numerous hydrological models have been
developed across the world to know and understand the
hydrology and water resources of basins (Devia and Ganasri
2015). The development of hydrologic models that consider
physical characteristics of the watershed helps in accurate
prediction of hydrological processes of a watershed (Devia
and Ganasri 2015; Salih and Hamid 2017; Sime et al. 2020;
Tufa and Sime 2020). Therefore, the hydrologic model has
become an increasingly important tool to understand the
hydrological cycle and can assist in the management of water
resources in a watershed (Saifullah et al. 2016; Shiferaw
et al. 2018; Serrdo et al. 2019). They are used for hydrologi-
cal simulation to water resource assessment, water alloca-
tion, climate change impact assessment, satellite data per-
formance evaluation, and many other purposes (Setegn et al.
2008; Gebre and Ludwig 2015; Asitatikie and Gebeyehu.
2020; Lakew et al. 2020; Aawar and Khare 2020).
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The common approach in hydrologic modeling is that
the model is used to calculate streamflow based on mete-
orological data and catchment characteristics (Vidyarthi
et al. 2020). Accordingly, two important inputs required
for all models are rainfall data and drainage area (Ashenafi
and Hailu 2014). Along with these, hydrological models
consider watershed characteristics like soil properties,
vegetation cover, watershed topography, and soil moisture
content; characteristics of groundwater aquifer are also
considered (Devia and Ganasri 2015; Roth et al. 2016).
Moreover, hydrological modeling uses the conceptual rep-
resentation of the hydrological cycle to describe the physi-
cal process in a watershed and regulate the processes of
rainfall to runoff. Subsequently, the spatial and temporal
variation and the interaction of hydrological processes are
understood (Khayyun et al. 2019). The physical models
represent different hydrological processes through mass,
momentum, and energy conservation equations and define
and analyze the various hydrological parameters like run-
off and sediment yield (Jaiswal et al. 2020; Gull and Shah
2020). Thus, they are capable to deal with hydrological
processes and predict different components of the hydro-
logical cycle of the watershed by considering the spatial
variability of land use, slope, and climate (Jaiswal et al.
2020).

Several studies have been conducted in the Upper Blue
Nile basin to simulate and evaluate the water resources of
the basin using hydrological models (Tekleab et al. 2011;
Mengistu and Sorteberg 2012; Ashenafi and Hailu 2014;
Dile and Srinivasan 2014; Abera et al. 2017; Polanco
et al. 2017; Liersch et al. 2018; Roth et al. 2018; Wolde-
senbet et al. 2017; Walelgn 2018; Chimdessa et al. 2019;
Dibaba et al. 2020; Tufa and Sime 2020). Some research-
ers reported successful application of the hydrological
model for streamflow and water balance assessment at
the basin and sub-basin scale (Tekleab et al. 2011; Abera
et al. 2017). Some also model the entire basin to assess
the impact of climate change on annual streamflow and
hydrological regime of the basin through hydrological
simulations (Mengistu and Sorteberg 2012; Liersch et al.
2018; Roth et al. 2018).

However, most of the studies do not provide detailed
assessment for each of the hydrological processes and water
balance components of the basin in the temporal and spa-
tial extent. Hence, this research applies the physical-based,
semi-distributed soil and water assessment tool (SWAT)
hydrological model to simulate and examine the hydrologi-
cal processes of the Upper Blue Nile basin. Furthermore,
this study explores the spatial distribution of the hydrologi-
cal components of the basin. Hence, the results obtained in
this research are expected to improve water resource man-
agement of the basin and partly overcome problems due to
data scarcity of the basin.
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Materials and methods
Description of the study area

The Upper Blue Nile river basin is made from multiple
tributaries that drain from the northwestern and west-
ern parts of Ethiopia. Geographically, the basin covers
7°44'32"-12°45'19" N latitude in the south—north direction
and 34°2920"-39°48'17" E longitude in the west—east direc-
tion (Fig. 1). The basin surface area is about 174,166 km?.
The topography of the Upper Blue Nile is composed of
highlands, hills, valleys, and occasional rock peaks (Conway
2000). Most of the streams feeding the Upper Blue Nile are
perennial. The basin has an uneven spatial distribution of
rainfall and the average annual rainfall varies between 1200
and 1800 mm/year (Fig. 2). The Upper Blue Nile consists of
three seasons; from October to the end of February is the dry
season, from March to May is a short rainy season, and June
to September is the long rainy season (Tesemma et al. 2010).

Data collection and sources

A range of multiple and spatially distributed datasets such as
topographic features, soil types, land use/land cove, climate,
and hydrological data are needed for the SWAT model (Nei-
tsch et al. 2011). In the present study, the topographic, land
use, soil, climate, and hydrological data of the Upper Blue
Nile basin were collected from different sources (Table 1).

Data preparation
Spatial data preparation

The DEM data acquired from Alaska Satellite Facility
(ASF) were preprocessed in ArcGIS software using a geo-
spatial toolbox. Subsequently, the watershed and drainage
patterns of the study area were delineated from the digital
elevation model. Besides, the sub-basin parameters such as
slope gradient, slope length of the terrain, and the stream
network characteristics such as channel slope, length, and
width were derived from the digital elevation model. The
elevation band of the preprocessed image is range from 478
to 4258 m (Fig. 3).

The second physiological data highly required for the
SWAT model setup is the land use map, which is one
of the main factors affecting water resources in a water-
shed (Koycegiz and Buyukyildiz 2019). The land use
map extracted from Copernicus Global Land Service
(CGLS) was classified based on the CGLS guide into10
main classes: agricultural land, bare land, closed forest,
grassland, mixed forest, open forest, shrubs, urban, water,
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Table 1 Data type, source and resolution

S.N Data type Source Resolution
1 Digital elevation model (DEM) Alaska satellite facility (ASF) 125 m
2 Land use/land cover Copernicus Global Land Service 100 m
3 Soil map World Food and Agriculture Organization (FAO) 5km
4 Meteorological data National Meteorological Service Agency (NMSA) of Ethiopia Point
5 Hydrological data Ethiopian Ministry of Water, Irrigation and Energy Point
Fig. 3 Elevation map of the 34°0'0"E 36°0'0"E 38°0'0'E 40°0'0"E
Upper Blue Nile basin
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and wetland. Accordingly, about 55.94% of the Upper
Blue Nile basin is covered by agricultural land, 18.04%
by closed forest, 14.5% by mixed forest, 6.12% by shrubs,
and the rest 5.4% by other land use classes (Fig. 4). The
land-use types of the study basin were coded into SWAT
by using the master database as a lookup table.
Different types of soil texture and physical-chemical
properties of soils are required for SWAT simulations
(Neitsch et al. 2011). The soil map of the study area
(Fig. 5) was obtained from the World Food and Agricul-
ture Organization of the United States (FAO) database.
The physical and chemical properties of each soil type of
the study area were extracted from the SWAT database.
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Meteorological data preparation and quality assurance

Hydrological modeling and water resource studies have
required the evaluation of the consistency and quality of the
observed weather data (Talaee et al. 2014). The meteorologi-
cal data of the study area were collected from the National
Meteorological Service Agency (NMSA) of Ethiopia for
18 years (1999-2016). About 150 meteorological stations
were found in the Upper Blue Nile basin, from which 55
stations were selected based on the length of the recording
period and their completeness. Among these, 32 stations
(Table 2; Fig. 6) were selected as a target station, and the
remaining 23 stations were used to fill the missing data to
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Fig.4 Land use map of the 34°0'0"E 36°0'0"E 38°0'0"E 40°0'0"E
Upper Blue Nile basin
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Table2 Selected

. . Id Name Lat Long Elevation Record period Annual
rneFeorologlc.?ll stations and rainfall
their description (mm)

1 Addis zemen 12.07 37.52 1975 1999-2016 1399
2 Adet 11.27 37.49 2179 1999-2016 1172
3 Alem ketema 10.03 39.03 2616 1999-2016 1118
4 Anger 9.27 36.33 1350 1999-2016 1600
5 Arjo 8.75 36.5 2565 1999-2016 2135
6 Asosa 10 34.52 1600 1999-2016 1116
7 Bahir dar 11.6 37.39 1800 1999-2016 1358
8 Bedele 8.45 36.33 2011 1999-2016 1932
9 Chagni 10.97 36.5 1614 1999-2016 1711
10 Debre birhan 9.63 39.5 2750 1999-2016 954
11 Debre markos 10.33 37.74 2446 1999-2016 1310
12 Debre tabor 11.87 38 2612 1999-2016 1360
13 Fiche 9.77 38.73 2738 1999-2016 1160
14 Fincha 9.57 37.37 2248 1999-2016 1723
15 Gidayana 9.87 36.62 1850 1999-2016 1764
16 Gimbi 9.17 35.78 1970 1999-2016 1835
17 Gohatsion 10.02 38.25 2495 1999-2016 1187
18 Gondar 12.52 3743 1987 1999-2016 1218
19 Jimma 7.66 36.81 1718 1999-2016 1518
20 Lemi 10.4 38.49 2673 1999-2016 1279
21 Maksegnit 12.39 37.56 1923 1999-2016 1054
22 Mehalmeda 10.31 39.66 3084 1999-2016 891
23 Mendida 9.67 39.33 2683 1999-2016 1017
24 Nedjo 9.5 35.45 1800 1999-2016 1519
25 Nefasmewucha 11.73 38.47 3150 1999-2016 1098
26 Nekemte 9.08 36.46 2080 1999-2016 2068
27 Neshi 9.72 37.27 2060 1999-2016 1865
28 Pawi 11.31 36.41 1119 1999-2016 1566
29 Shambu 9.57 37.12 2460 1999-2016 1498
30 Sibusire 9.04 36.87 1826 1999-2016 1349
31 Wereilu 10.6 3943 1870 1999-2016 1010
32 Zege 11.69 37.31 1801 1999-2016 1620

the neighboring stations. The consistency of the meteorolog-
ical data of the selected stations was checked using a double
mass curve method. Finally, the missed data were filled and
homogeneity analysis was executed using CLIMATOL v3.3
package of the R programming.

Filling missing data and homogeneity analysis The main
objective of doing the quality control and homogene-
ity analysis of the meteorological data for this study was
detecting data values that are obviously in error. Apart from
affecting the value of a dataset in its own right, this is neces-
sary because large outliers can influence subsequent climate
analysis. Therefore, before applying raw meteorological
data to subsequent analysis, quality control and homogene-
ity analysis are required. For the present study, due to the
spatial heterogeneity of the Upper Blue Nile basin CLI-
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MATOL package was selected to fill the missing data and
homogeneity analysis.

CLIMATOL applies a spatial interpolation and rates of
the normals to fill daily rainfall data; an algorithm devel-
oped by Paulhus and Kohler (1952) and standardized values
method to fill temperature data. This implies knowing the
averages and standard deviations of all series for a common
and long period of observation, and incompatible constraints
within a fragmented dataset. Therefore, averages and stand-
ard deviations are computed first with the available data,
and missing data are filled with the unstandardized reference
series computed for each station (Guijarro 2018).

The program uses the Standard Normal Homogeneity
Test (SNHT) method to test the homogeneity of neighbor-
ing stations. The SNHT for the rainfall and/or temperature
is based upon the assumption that the ratio q for rainfall and
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Fig.6 Spatial locations of the 34°0'0"E
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Table 3 Selected streamflow gauge stations and their spatial location

ID  Name Lat Log Record year ~ Average annual

discharge (m%/s)

10.14
11.30

38.16
34.88

1999-2014 652
1999-2014 1871

1 Kessie
2 Border

temperature at the station being tested (target station) and a
neighboring station (reference station) is fairly constant in
time. An inhomogeneity is one of the series that will then be
revealed by a systematic change in this ratio. Consequently,
the time series of this ratio g; (index i denoted to time step-
i.e., year) is a suitable variable for testing the significance
of a suspected homogeneity.
A standardized series of the ratio, z;, is defined as

5= (g —9/s, (1)

where g is the sample mean and s, is the sample standard
deviation of the g;’s the sample mean value of z; then 0,
while the sample standard deviation is 1 (Tuomenyirta
2002).

After the meteorological data quality was controlled,
the observed data were used to generate additional weather
data. PcpSTAT (precipitation index) and Dew point pro-
grams were employed to generate the required weather data.

Accordingly, the generated weather data were exported into
the SWAT database.

Hydrological data

Streamflow data of 14 years (2001-2014) recorded at Kes-
sie and Border gauging stations (Table 3; Fig. 6), which
are situated at the mainstream of the basin were used for
calibration and validation purposes. These two-gauge sta-
tions were selected because they have adequate streamflow
information needed for this study. The data were obtained
from the Ethiopian Ministry of Water, Irrigation and Energy.

SWAT model description

Soil and water assessment tool (SWAT) model is a continu-
ous-time, semi-distributed, process-based river basin scale
model (Arnold et al. 2012). The model is designed to test
and forecast the impact of water management on water, sedi-
ment, and agricultural chemical yields in ungagged water-
sheds on a daily time step (Gassman et al. 2007; Devia and
Ganasri 2015). The main components of the model are
weather, hydrology, soil temperature and properties, plant
growth, nutrients, pesticides, bacteria and pathogens, and
land management (Neitsch et al. 2005).

SWAT model operates on a daily time step for each
hydrologic unit based on the water balance equation (Eq. 2)
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(Gassman et al. 2007). The simulation of the model is sepa-
rated into two phases: Land phases control the loading of the
amount of water, sediment, and nutrients to the main channel
in each subbasin (watershed), and the second phase defines
the movement of water, sediments, and nutrients through the
channel of the HRUs or watershed outlets. The water bal-
ance in SWAT is calculated at the watershed level using the
following equation (Neitsch et al. 2011; Arnold et al. 2012).

t
SW, = SW, + Zi:l (Rday,i = Qqurti — Eai = Quani — ng,i)
(@)

where SW, stands final soil water content, SW, stands ini-
tial water content on day i, 7 is the time in day, Ry, stands
the amount of rainfall on day i, Q. stands the amount of
surface runoff on day i, E, is amount of evapotranspiration
on day i, Q,,, stands amount of water entering vadose zone
from the soil profile on day i, and Q,,, stands amount of
return flow on day i (Neitsch et al. 2011).

The USDA Soil Conservation Service runoff curve
number (CN) method (USDA 1972) is used to compute
runoff as follows:

(Rday - Ia)2

Ot = m 3)

where Q, ¢ is the accumulated runoff or rainfall excess,
Rg,y 1s the rainfall depth for the day, /, is the initial abstrac-
tion, which includes infiltration, interception and surface
storage before runoff. S (Eq. 4) is the retention parameter
calculated from the curve number.

1000
=254(——=—-10
$ =254 ) “

Curve number is important during the model calibration
process and determines the surface runoff of the water-
shed (Arnold et al. 2012). Another important parameter,
especially for densely vegetated watersheds, is evapotran-
spiration. In the SWAT model, three evapotranspiration
estimation methods are employed; Penman—Monteith,
Priestley-Taylor, and Hargreaves (Neitsch et al. 2011). Due
to data availability and the modest nature of the method,
the Hargreaves method was employed for estimating
potential evapotranspiration.

Model setup

The Upper Blue Nile basin modeling framework was
developed to understand the spatial and temporal vari-
ation of water resources in the basin include precipita-
tion, streamflow, runoff (surface and groundwater), and
evapotranspiration.
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Watershed delineation

Watershed delineation is the initial stage of the SWAT model
building (Luo et al. 2011). Since SWAT is a physical-based
model, the subbasin and reaches of the watershed are derived
from a digital elevation model. The watersheds of the Upper
Blue Nile basin were delineated from the digital elevation
model using ArcSWAT 2012 automatic delineation toolbox.
The delineation was done based on the spatial distribution
of the selected meteorological stations and the numbers of
tributaries of the basin. Accordingly, 45 sub-basins were
delineated with the minimum threshold value of 100,000 ha.

Hydrological response unit (HRU) definition

After watershed and their parameters were created, the
hydrological response units (HRUs) were defined. Subse-
quently, the SWAT model requires the physiographical data
(land use, soil type, and slope) to define the HRUs (Her
et al. 2015; Devia and Ganasri 2015; Nasiri et al. 2020).
Here, the slope map of the study basin was derived from the
digital elevation model. Before the numbers of HRUs were
defined, the land use, soil, and slope maps were reclassified
and overlaid. As a result, 1138 HRUs were created using a
5% threshold value for land use, soil, and slope maps.

Writing climate dataset

The station-level climate data (temperature and precipita-
tion) were encoded into the SWAT model database. Essen-
tially the model requires humidity, solar radiation, and wind
dataset. Due to lack of data, the generated weather data by
the SWAT weather generator were encoded into the model
database.

Model simulation

The encoded hydro-climatic parameters into the model were
used to simulate hydrological processes of the Upper Blue
Nile basin. The simulated years of the model are ranged
from 1999 to 2016. The first 2 years (1999 and 2000) were
used for model warm-up, to alleviate the effects of unknown
initial conditions, and subsequently, this time period was
excluded from the analysis.

Sensitivity analysis, model calibration and validation

Sensitivity analysis is the process of determining the rate of
change in model output concerning changes in model inputs
(parameters) (Arnold et al. 2012). The sensitivity analysis
provided an understanding of the parameters and helps
to identify the most dominant parameters that should be
used for calibration (Worqlula et al. 2018). The responsive
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parameters are calculating using a multiple regression sys-
tem with Latin hypercube samples by means of the objective
function (¢ stat and P value) (Narsimlu et al. 2015). The ¢ test
provides the measures of the degree of sensitivity and the p
value provides the significance of the sensitivity (Narsimlu
et al. 2015). A larger absolute 7 stat means greater sensitiv-
ity and a p value close to zero represents higher significance
(Abbaspour et al. 2007). Based on their ¢ stat and p value the
most sensitive parameters were selected and used for model
calibration and validation.

Model calibration is performed by selecting the fit-
ting values for the model input parameters by comparing
the model simulated value for given local conditions with
observed data for the same conditions (Arnold et al. 2012).
Validation is performed by running a model using param-
eters with their fitting value that were determined during
the calibration period and comparing the simulations to
observed data not used in the calibration period (Abbaspour
et al. 2015).

In this study, the sensitivity analysis, model calibration,
and validation activities were performed by using SUFI-2
(Sequential Uncertainty Fitting ver. 2) under SWAT-CUP
ver-2012 (the SWAT Calibration and Uncertainty Programs)
specialized computer program. SUFI-2 is one of the optimi-
zation algorithms in SWAT-CUP developed by Abbaspour
et al. (2004) that was used in this study. 14-year streamflow
data of Border and Kessie stations at the mainstream of the
Upper Blue Nile basin (Fig. 6) were used for model cali-
bration and validation. The data from 2001 to 2009 were
used for model calibration and 2010-2014 used for model
validation.

Model performance evaluation

Statistical performance measures for hydrological model
are computed to determine how the simulated values by the
model match with those of observed. In this study, three
statistical measures have been used for model performance
evaluation, namely Nash—Sutcliffe efficiency (NSE), coef-
ficient of determination (R?), and percent of bias (PBIAS),
which were described in detail (Nash and Sutcliffe 1970;
Krause et al. 2005; Gupta et al. 1999) as well as an appropri-
ate range of values for these measures are listed in Table 4
(Moriasi et al. 2007; Ayele et al. 2017).

Nash—Sutcliffe efficiency (NSE) is a standardized sta-
tistic that describes differences between the simulated and
observed values normalized by the variance of the observed
values during the study period. The value ranges from -co to
1. An NSE=1 indicates simulated data are equal to that of
the observed data and NSE =0 indicates that the simulated
data are as accurate as the mean of the observed data (Nash
and Sutcliffe 1970).

X (O — )

NSE =1 - —L
Z:‘ (Qm,i - Qs)

&)

9

where Q represents the discharge values, “m” and “s” stand
for the measured and simulated data, respectively, and the
bar stands for the average values of measured and simulated
data.

The coefficient of determination (R?) is the square of the
correlation (7) and measure the goodness of fit between the
simulated and observed values; it ranges from 0 to 1. An
R? of 1 means the simulated data are equal to that of the
observed data and R? of 0 means no correlation between the
simulated and observed data (Krause et al. 2005).

— — 12
R2 [E?(Qm,i - Qm)(Qs,i - QS)

_ ©)
Y (O — On) X0, — 0,

where Q is representing discharge, and m and s stand for
measured and simulated data, i is the ith measured or simu-
lated data.

The percent of bias (PBIAS) measures the average pro-
pensity between the simulated and observed data, indicating
how much the simulated data to be larger or smaller than the
observed data. The optimal value of PBIAS is zero, where
low magnitude values indicate better model simulations. The
positive PBIAS value indicates model underestimation, and
the negative PBIAS value indicates model overestimation
(Gupta et al. 1999).

Z:l (Qm - Qs)i x
Z:l Qm,i

where Q is denoting for discharge, and m and s stand for
measured and simulated value, respectively.

PBIAS = 100 7

Table 4 General performance

. X Performance rating R? NS PBIAS
ratings for simulated streamflow
(Moriasi et al. 2007; Ayele etal.  very good 0.7<R*<1 0.75<NS<1 PBIAS < + 10
2017) good 0.6<R*<0.7 0.65<NS<0.75 +10<PBIAS< %15
Satisfactory 0.5<R*<0.6 0.5<NS<0.65 +15<PBIAS< %25
Unsatisfactory R*<0.5 NS<0.5 PBIAS > +25

@ Springer



286

Modeling Earth Systems and Environment (2022) 8:277-292

Results and discussion
Sensitivity analysis

Sensitivity analysis has to be performed to prior model cali-
bration and to determine parameters most affect the variable
of interest in the watershed, which helps to decrease the
number of parameters in the calibration procedure by elimi-
nating the parameters identified as not sensitive (Nazari-
Sharabian et al. 2020). Accordingly, the analysis has been
executed using the SUFI-2 module of the SWAT-CUP pro-
gram over the simulated period (2001-2014).

In the sensitivity analysis, the whole discharge param-
eters were considered, from which thirteen parameters were
found to be relatively most sensitive ranging from very high

Table 5 Description of the most sensitive parameters in the SWAT
model for the Upper Blue Nile basin

Parameter name Ranking t Stat p value
CN2.mgt 1 - 11.13 0.00
RCHRG_DP.gw 2 —-2.73 0.01
REVAPMN.gw 3 -25 0.02
SOL_AWC.sol 4 -2.05 0.05
GW_DELAY.gw 5 —1.46 0.15
CH_K2.rte 6 - 1.26 0.21
ALPHA_BF.gw 7 1.17 0.25
GW_REVAP.gw 8 1.11 0.27
SOL_K.sol 9 - 1.07 0.29
GWQMN.gw 10 0.49 0.62
ESCO.hru 11 0.2 0.84
CANMX hru 12 —-0.07 0.94
CH_N2.rte 13 - 0.01 0.99

to medium. Among the sensitive parameters, the ground-
water flow parameters were found to be more sensitive to
streamflow. The sensitivity rank of the selected parameters
was selected based on their ¢ stat, and p value is shown in
Table 5. SCS runoff curve number, deep aquifer percola-
tion fraction, threshold depth of water in the shallow aquifer
for “revap” to occur, available water capacity of the soil
layer, groundwater delay, effective hydraulic conductivity
in main channel alluvium, baseflow alpha-factor, ground-
water “revap” coefficient, saturated hydraulic conductivity,
threshold depth of water in the shallow aquifer required for
return flow to occur, soil evaporation compensation factor,
maximum canopy storage and manning’s “n” value for the
main channel were identified. These parameters were con-
sidered for model calibration.

Model calibration and validation

By considering the most sensitive parameters (Table 5),
the SWAT model has been calibrated and validated on the
observed streamflow at Kessie and Border stations. To
improve the efficiency of the model during calibration,
the selected parameters were used to account for over and
under prediction responses of the model as suggested by
Neitsch et al. (2011). Until a satisfactory agreement between
observed and simulated streamflow is attained, several cali-
bration runs have been executed. Eventually, the calibra-
tion process using the SUFI-2 algorithm gave the final fit-
ted parameters (Table 6). The available streamflow data of
14 years (2001-2014) were used for model calibration and
validation. The streamflow data from 2001 to 2009 were
used for calibration and 2010-2014 used for the validation
period. The graphical comparison of monthly observed
streamflow with simulated data streamflow for the calibra-
tion and validation periods is shown in Figs. 7 and 8.

Table 6 Final calibration

. Rank Parameter name Range used in calibration Fitted Process
parameters and their fitted value
Minimum value Maximum value
1 CN2.mgt -8 10 —-2.78 Runoff
2 RCHRG_DP.gw 0 0.3 0.003 GW
3 REVAPMN.gw 1 350 227.85 GW
4 SOL_AWC.sol 0.1 0.7 0.35 Soil
5 GW_DELAY.gw 0 60 271 GW
6 CH_K2.rte 0 200 130 Channel
7 ALPHA_BF.gw 0.1 0.8 0.345 GW
8 GW_REVAP.gw 0.03 0.19 0.14 GW
9 SOL_K.sol 0 0.2 0.15 Soil
10 GWQMN.gw 100 4000 2401 GW
11 ESCO.hru 0 0.2 0.014 Evaporation
12 CANMX hru 0 10 4.9 Runoff
13 CH_N2.rte 0.03 0.15 0.084 Channel
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2
Table7 R7, NSE anfi PBIAS Station Calibration Validation
value for the calibration and
validation period at Kessie and R? NSE PBIAS R? NSE PBIAS
Border stations
Kessie 0.81 0.68 -10.8 0.89 0.88 8.3
Border 0.85 0.83 —4.7 0.93 0.89 9.7

Performance evaluation

The performance of the SWAT model is analyzed based on a
graphical representation of observed and simulated stream-
flow and the basis of various statistical parameters. The

statistical results that the SWAT model performed (Table 7)
were acceptable at the Kessie station with Nash—Sutcliffe

efficiency (NSE) 0.68 and 0.88 for calibration and validation
periods, respectively. The values of coefficient of determina-
tion (R?) for the calibration and validation period are 0.81
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Fig.9 Scatter plot of observed and simulated streamflow for calibration period (a) and validation period (b) at Kessie

and 0.89, respectively, which indicated that the agreements
between observed and simulated streamflow for both periods
were strong (Fig. 9). The PBIAS values were — 10.8% and
8.3% for the calibration and validation periods, respectively,
which showed that the model slightly overestimated the flow
during calibration and underestimated the flow during vali-
dation with reference to the observed data.

Based on the PBIAS value, the streamflow rate at the
Kessie station was overestimated by 9.75% during the cali-
bration period and underestimated by 8.31% during the vali-
dation period. The hydrograph of simulated and observed
monthly streamflow at the Kessie station for calibration and
validation is also presented in Fig. 7. It can be seen that the
SWAT model overestimated for most years in the calibra-
tion period and underestimated for all years in the validation
period.

At the Border gauging station, SWAT model performed
very well (Table 7) with Nash—Sutcliffe efficiency (NSE)
0.83 and 0.89 for calibration and validation periods, respec-
tively. The values of coefficient of determination (R?) for
the calibration and validation periods were found to be 0.85
and 0.93, respectively, which reflected that the agreements
between observed and simulated streamflow for both periods
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were strong (Fig. 10). The PBIAS values were found — 4.7%
and 9.7% for the calibration and validation periods, respec-
tively, which indicated that the model slightly overestimated
the flow during calibration and underestimated the flow dur-
ing validation.

Regarding to the PBIAS results, the streamflow rate at
Border station overestimated by 4% during the calibration
period and underestimated by 15% during validation period.
The hydrograph of simulated and observed monthly stream-
flow at the Border station for model calibration and valida-
tion is presented in Fig. 8. It can be seen that the SWAT
model overestimated for some years in the calibration period
and underestimated for most years in the validation period.

Overall, the SWAT model results showed that there was
a good agreement between observed and simulated monthly
streamflow at the Upper Blue Nile basin. Previously sev-
eral authors calibrated and validated the SWAT model in
the Blue Nile river basin, and their report showed that the
statistical parameters such as R> and NSE varied between
0.59-0.96 and 0.43-0.92 respectively (Gebremicael et al.
2013; Roth et al. 2016; Polanco et al. 2017; Tegegne et al.
2017; Lemann et al. 2019; Nigussie et al. 2019). Hence, the
SWAT hydrological model is applicable in the Upper Blue
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Fig. 10 Scatter plot of observed and simulated streamflow for calibration period (a) and validation period (b) at Border
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Nile basin. Accordingly, the simulated values of this study
can be acceptable.

Hydrological water balance

Water balance in watersheds is one of the most important
factors used to determine if a model is good enough for any
particular application (Polanco et al., 2017). Based on the
simulated precipitation, evapotranspiration, total discharge,
and water yield of the SWAT model, the water balance of
the Upper Blue Nile basin was analyzed. Table 8 lists the
simulated water balance components on an annual average
basis for the Upper Blue Nile basin over the whole simula-
tion, calibration, and validation periods.

The results indicated that in the simulation period,
22.43% of the precipitation of the basin contributed to
streamflow, whereas 49.5% of the precipitation is lost by
evapotranspiration. Moreover, in the simulation period,
the contribution of surface runoff (SUR_Q), lateral flow
(Lat_Q), and groundwater flow (GW_Q) for the annual water
yield (WYLD) was 43.7% and 13.48%, 40.44%, respectively.
This shows as the contribution of surface runoff is higher
than other water balance components of the basin.

For the calibration period, 22.05% of the precipitation
of the basin contributed to streamflow; 50.17% of the pre-
cipitation is returned to the atmosphere through evapo-
transpiration. Besides, the contribution of the surface run-
off (SUR_Q), later flow (Lat_Q), and groundwater flow
(GW_Q) for water yield (WYLD) was 44.95%, 12.41%,
and 40.15%, respectively. For the calibration period, 22.88%
of the precipitation of the basin contributed to streamflow;
48.58% of the precipitation is returned to the atmosphere
through evapotranspiration. Also, the contribution of the
surface runoff (SUR_Q, later flow, (Lat_Q) and groundwater
flow (GW_Q) for water yield (WYLD) was 45.26%, 12.22%,
and 40.28%, respectively. The water yield (Table 8) during
the validation period was higher than the calibration period.
This could be because the rainfall amount during the valida-
tion period was relatively higher.

The spatial distribution of the water balance components
shows a better understanding of the basin (Fig. 11). At the
basin scale, the annual precipitation in the Upper Blue Nile
basin varied from 734 to 2118 mm. The amount of precipita-
tion falling on the south tip and southwest of the basin was
more than that of the eastern and western tip of the basin.
The annual evapotranspiration of the basin varied from 475
to 1159 mm, and likewise precipitation, the value of evapo-
transpiration was high on the south tip and southwest part
of the basin. The water yield at the basin scale of the Upper
Blue Nile basin varied from 115 to 1201 mm. Alike to pre-
cipitation, higher water yield was found on the south tip and
southwest part of the basin. Hence, the SWAT output of the
study area indicates a good spatial correlation among pre-
cipitation, evapotranspiration, potential evapotranspiration,
and water yield.

Conclusion

Spatially semi-distributed hydrological model, SWAT was
applied to model the hydrological processes and water bal-
ance components of the Upper Blue Nile basin. The model
was calibrated and validated using monthly streamflow data
by applying the SUFI-2 algorithm in SWAT-CUP2012. Sen-
sitivity analysis was done to identify flow-sensitive param-
eters, and groundwater flow parameters were found to be
more sensitive to streamflow.

Nash—Sutcliffe efficiency (NSE), coefficient of determina-
tion (R?), and percent of bias (PBIAS) statistical measures
are considered to evaluate the performance of the model. In
the calibration period, the value of NSE, R2, and PBIAS was
0.68,0.81, and — 10.8%, respectively, for Kessie station and
0.83, 0.85, and — 4.7%, respectively, for the Border station.
In the calibration period, NSE, R?, and PBIAS were 0.89,
0.88, and 8.3% for Kessie station and 0.93, 0.89, and 9.7%,
respectively, for the Border station. Therefore, the result
indicates that the SWAT model gave good simulation results
and performed well in the Upper Blue Nile basin, and the
results were acceptable.

Table 8 Upper Blue Nile basin
simulated annual water balance
components for total simulated,

Hydrological parameters

Total time (2001- Calibration period Validation period

calibration and validation
periods

2014) (mm) (2001-2009) (mm) (2010-2014) (mm)

Precipitation 1393 1376 1424

Surface runoff 311.44 303.42 325.88

Ground water flow 278 271 290

Lateral flow 85.27 83.78 87.96

Shallow aquifer recharge 325 318 338

Potential evapotranspiration 1591 1587 1598
Evapotranspiration 690.87 690.38 691.76

Total water yield 691 675 720
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Fig. 11 Simulated rainfall (a), water yield (b), PET (c¢) and ET (d) across the Upper Blue Nile basin

The hydrological water balance analysiss showed that
22.43% of the precipitation of the basin contributed to
streamflow as surface flow, whereas 49.5% of the precipita-
tion is lost by evapotranspiration. Hence, the runoff of the
basin is affected by evapotranspiration. Surface runoff, lat-
eral flow, and baseflow contributed 44.95%, 12.41%, and
40.15%, respectively, for the annual water yield of the basin.
The water yield during the validation period was higher than
the calibration period. This could be because the rainfall
amount during the validation period was relatively higher.
For the spatial distribution of the water balance components,
the result indicated a good correction among the hydrologi-
cal components.

Overall, the finding of this research demonstrated the
high potential applicability of the SWAT model for the

@ Springer

assessment of hydrological processes at a large river basin.
Perhaps, the findings of the study are useful for basin-wide
water resources planning and management in the Upper
Blue Nile basin, as they not only provide a proportion of
water resource of the basin but also give a better under-
standing of the capacity of the available water resource for
future water-based development projects.
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