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It has been recognized that reliable, long-term and well distributed climate information is
essential to inform any development policy that aims to address the consequences of climate
variability and change on water resources. However, in developing countries planning of such
activity is greatly hampered by the lack of a sufficiently dense network of weather stations
measuring precipitation. The objective of this dissertation is, therefore, to evaluate the freely
available high resolution satellite rainfall estimates in the Lake Tana Basin which has a relatively
denser ground rainfall stations network. Rainfall estimates of Tropical Rainfall Measuring
Mission (TRMM) 3B42 version 7, EUMETSAT’s Meteorological Product Extraction Facility
(MPEF), Multi-Sensor Precipitation Estimate-Geostationary (MPEG) and Climate Forecast
System Reanalysis (CFSR) are considered. The satellite rainfall is validated by a direct
comparison with the gauged rainfall data, and through hydrological modelling to capture the
observed flow using a semi-distributed hydrological model Hydrologiska Byråns
Vattenbalansavdelning (HBV) and Parameter Efficient Distributed (PED).
The result of direct comparison indicated that, the MPEG and CFSR rainfall provided the most
accurate rainfall estimates. On average, for 38 stations, 78 and 86 % of the observed rainfall
variation is explained by MPEG and CFSR data, respectively, while TRMM explained only 17%
of the variation. The hydrological modelling indicated that both the gauged and the CFSR
precipitation estimates were able to reproduce the stream flow well for either of the models. The

TRMM data was not be able to capture the observed flow through model calibration for both
models. Bias corrected MPEG rainfall by the gauged monthly means performed as well as or
better than the gauged rainfall data in capturing the observed flow through hydrologic model
calibration.
This dissertation has also identified potential irrigable areas by considering hydrological and
landscape factors that determine lack of irrigation development in the Ethiopian highland.
Potential land areas suitable for surface irrigation were determined by using a GIS based MultiCriteria Evaluation (MCE) technique by considering climate characteristics (rainfall and
evaporation), land features (soil type, land use and slope), market access (town and road
proximity) and proximity to a perennial river. The available water for surface irrigation was
quantified by analysing historical river flow data during the dry season of the major rivers in the
Lake Tana Basin. The result indicated that the main limitation for surface irrigation in the
Ethiopian highlands is the availability of water and not land suitable for irrigation.
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CHAPTER 1: INTRODUCTION
The uneven distribution of water in space and time has significant implications for society. This
is especially true in developing countries where rain fed agriculture is the single most important
driver of the economy (Conway et al., 2009). It has been recognized that reliable, long-term and
well distributed climate information is essential to informing any development policy that aims
to address economic development (Hut et al., 2010; Washington et al., 2006). Uneven water
distribution necessitates investments to ensure water availability for agriculture, domestic water
supply and sanitation, flood protection, soil and water conservation and ecosystem services. The
design, operation and maintenance of these infrastructures require adequately accurate estimation
of quantity and quality of water. However, in many developing countries, and specifically in
Ethiopia ground-based observation stations are relatively sparse (Conway, 2000; Kaba et al.,
2014; Worqlul et al., 2014). Ground data collection systems are characterized by inadequate
monitoring, gaps in observations, decline in number of stations and difference in processing and
quality control (Harvey and Grabs, 2003; Vörösmarty et al., 2001). Rainfall is one of the major
water balance component of the water cycle, the quality of data collected is poor in developing
countries due to uneven and scarcely distributed ground-based observation networks (Conway,
2000; Creutin and Borga, 2003; Kaba et al., 2014; Kidd, 2001; Worqlul et al., 2014).
Water resource assessment tools have improved enormously with advances in computational
power and understanding of the processes in data scarce areas (Letcher et al., 2007; RESH et al.,
1995; Silberstein, 2006). Often modelers tend to conceptualize based on simplified views of the
system (Dozier, 1992). The major water balance component, rainfall is probably one of the
climate variables that is highly affected by simplified conceptualization. Although the spatial and
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temporal variability of precipitation is important, unless large numbers of rain gauge stations are
available, capturing variability is difficult (Chaubey et al., 1999; Pardo-Igúzquiza, 1998).
Recently, satellite remote sensing has received much attention in measuring precipitation
(Aonashi et al., 2009; Barrett, 1989; Ebert and McBride, 2000; Ferriday, 1994; Hong, 2003;
Huffman et al., 2007; Joyce et al., 2004; Kidd, 2001; Scofield and Kuligowski, 2003; Sorooshian
et al., 2000). Very few studies evaluate satellite rainfall over Africa (Ali et al., 2005; Thorne et
al., 2001; Worqlul et al., 2014). Studies also indicate large differences in algorithm performance
depending on season and local climate (Dinku et al., 2007; Dinku et al., 2008; Jobard et al.,
2007). This dissertation focuses on evaluation of satellite rainfall estimate in Lake Tana subbasin of the Upper Blue Nile basin, Ethiopia.
The main hypothesis of this dissertation is that, satellite precipitation measurements can provide
better spatial and temporal estimates of precipitation events in a data scarce region, and thus can
replace ground based measurement for calibrating and validating hydrologic models. Therefore
the main goals of this study are to validate satellite rainfall estimates (SRE)1 and assess the
predictive capability of the best performing SRE using a semi-distributed Hydrologiska Byråns
Vattenbalansavdelning (HBV) and Parameter Efficient Distributed (PED) hydrological models
over the modestly and scarcely gauged watershed in the Upper Blue Nile Basin, Ethiopia.
The first three chapters of this dissertation focus on the validation of satellite rainfall estimate
using ground rainfall data, hydrological modelling and bias correction respectively. Chapter one
presents the SRE validation results for TRMM, CFSR and MPEG using observations from dense
1

Most widely known satellite precipitation estimates (SPE) include Tropical Rainfall Measuring Mission (TRMM),
EUMETSAT’s Meteorological Product Extraction Facility (MPEF) Multi-Sensor Precipitation EstimateGeostationary (MPEG), Climate Forecast System Reanalysis (CFSR), the NOAA/Climate Prediction Centre
morphing technique (CMORPH), Precipitation Estimation from Remotely Sensed Information using Artificial
Neural Network (PERSIANN), the Naval Research Laboratory’s blended product (NRLB)
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in situ rainfall measurements in the Lake Tana sub-Basin. The satellite rainfall estimate is
compared in two ways: first the grids of satellite rainfall estimation (MPEG, TRMM and CFSR)
are compared to the ground rainfall observation data within the satellite grid box and then SRE is
compared to interpolated observed rainfall stations over Lake Tana major sub-basins. The
performance is tested using standard statistics coefficient of determination (R-square), root mean
square error (RMSE) and Bias. In the second and third chapters the output from two watershed
models; HBV-IHMS and PED, is presented. TRMM, CFSR and MPEG precipitation estimates
are used to excite hydrological models to capture the observed flow and the result is compared
with flow simulated by traditional gauges.
A major application of validated SREs is in planning and expansion of irrigation infrastructures.
Recently a lot of effort has been exerted toward irrigation development in Ethiopia, but little has
been done to quantify the irrigation potential land and available water for surface irrigation.
Strategic spatial planning and mapping of land suitability is regarded as important in the past
decayed. It is a fundamental approach to achieve sustainable development (Chen et al., 2008; Yu
et al., 2011). The fifth chapter addresses spatial mapping of potential land areas suitable for
small, medium and large-scale irrigations by applying a GIS based Multi-Criteria Evaluation
(MCE) technique. The irrigation potential of the available water is estimated by analyzing the
historical dry season river flow data.
The sixth chapter presents the impacts of physical catchment characteristics (PCC) which
includes climate, geography and physiographic, geology, soil, land-use and land cover conditions
on river flow. Two adjacent watersheds of comparable area but annual yield of one over 2.4
times the other are used to examine what PCC drive such disparities in a monsoon climate. The
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Soil Water Assessment Tool (SWAT) distributed hydrological model is used to investigate the
effect of PCCs on the dissimilar stream flow of those watersheds.
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CHAPTER 2: COMPARISON OF RAINFALL ESTIMATIONS BY
TRMM 3B42, MPEG AND CFSR WITH GROUND-OBSERVED DATA
FOR THE LAKE TANA BASIN, ETHIOPIA2
Abstract
Planning for drought relief and floods in developing countries is greatly hampered by the lack of
a sufficiently dense network of weather stations measuring precipitation. In this paper we test the
utility of three satellite products to augment the ground-based precipitation measurement to
provide improved spatial estimates of rainfall. The three products are the Tropical Rainfall
Measuring Mission (TRMM) product (3B42), Multi-Sensor Precipitation Estimate-Geostationary
(MPEG) and the Climate Forecast System Reanalysis (CFSR). The accuracy of the three
products is tested in the Lake Tana basin in Ethiopia where 38 weather stations were available in
2010 with a full record of daily precipitation amounts. Daily gridded satellite-based rainfall
estimates were compared to: (1) point-observed ground rainfall and (2) areal rainfall in the major
river sub-basins of Lake Tana. The result shows that the MPEG and CFSR satellites provided the
most accurate rainfall estimates. On average, for 38 stations, 78 and 86 % of the observed
rainfall variation is explained by MPEG and CFSR data, respectively, while TRMM explained
only 17% of the variation. Similarly, the areal comparison indicated a better performance for
both MPEG and CFSR data in capturing the pattern and amount of rainfall. MPEG and CFSR
also have a lower RMSE compared to the TRMM 3B42 satellite rainfall. The Bias indicated that

2

Worqlul, A. W., Maathuis, B., Adem, A. A., Demissie, S. S., Langan, S., and Steenhuis, T. S.: Comparison of
rainfall estimations by TRMM 3B42, MPEG and CFSR with ground-observed data for the Lake Tana basin in
Ethiopia, Hydrology and Earth System Sciences, 18, 4871-4881, 2014b.
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TRMM 3B42 was, on average, unbiased, whereas MPEG consistently underestimated the
observed rainfall. CFSR often produced large overestimates.

2.1 Introduction
Precipitation is a major component of the water cycle, and is responsible for depositing
approximately 505,000 km3 (or on average 990 mm) of the fresh water on the planet
(Ramakrishna and Nasreen, 2013). It is one of the major water balance components of the global
water budget. Although the spatial and temporal variability of precipitation is important, unless
large numbers of rain gauge stations are available, capturing variability is difficult (Chaubey et
al., 1999; Pardo-Igúzquiza, 1998). However, ground-based rainfall observation station networks
are often unevenly and sparsely distributed especially in developing countries (Kaba et al.,
2014). For example, the Rahad, Dindir and Welaka sub-basins in the Blue Nile basin, Ethiopia
each had only one rainfall station, despite catchment area greater than 5,000 km2. This is far
below the World Meteorological Organization (WMO) standard of one station for 100 to 250
km2 in area for mountainous regions (WMO, 1994). This situation is not likely to improve in the
near future. The poor coverage introduces large uncertainties into rainfall distribution estimation,
and will evidently undermine the dependability of hydrologic models used in simulating flow
(both low flows and floods), sediment load and nutrient fluxes (Kaba et al., 2014). The
unavailability of good quality rainfall data renders hydrologists reluctant to deal confidently with
pressing and unprecedented societal questions vis-à-vis food deficits, global warming, climate
change, water scarcity and water shortage issues (Baveye, 2013).
The growing availability of high-resolution (and near-real-time) satellite rainfall products can
help hydrologists to obtain more accurate precipitation data, particularly in developing countries
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and remote locations where weather radars are absent and conventional rain gauges are sparse
(Creutin and Borga, 2003; Kidd, 2001). Satellite-derived rainfall estimates have become a
powerful tool for supplementing the ground based rainfall estimates. Recently, Earth observation
data for environmental or societal purposes have become readily available through Earth
observation (EO) satellites and data distribution systems. Some of the freely available spatially
distributed rainfall estimates are the Tropical Rainfall Measuring Mission (TRMM) (Simpson et
al., 1988), EUMETSAT’s Meteorological Product Extraction Facility (MPEF), Multi-Sensor
Precipitation Estimate-Geostationary (MPEG), the Climate Forecast System Reanalysis (CFSR),
the NOAA/Climate Prediction Centre morphing technique (CMORPH), precipitation estimation
from remotely sensed information using artificial neural network (PERSIANN), the Naval
Research Laboratory’s blended product (NRLB), and more.
Passive microwave (PM) and thermal infrared (TIR) sensors are the most widely used channels
of the electromagnetic spectrum for satellite rainfall estimation (Huffman et al., 2007; Joyce et
al., 2004; Kidd et al., 2003; Negri et al., 1984). A TIR sensor provides useful information on
storm clouds based on top cloud temperature. The assumption in the TIR is that relatively cold
clouds are associated with thick and high clouds that tend to be associated with the production of
high rainfall rates (Haile et al., 2010). One of the limitations with a TIR sensor is that it only uses
the top cloud temperature from which the depth of the cloud is inferred (Todd et al., 2001) and it
also underestimates warm rain and misidentifies cirrus clouds as rain (Dinku et al., 2011).
Microwave sensors utilize a more direct way of retrieving precipitation from satellites; they
gather information about the rain rather than the cloud (Todd et al., 2001). The absorption of
microwave radiation by liquid water and its scattering by ice particles can be related to rainfall
over the ocean and over land (Ferraro, 1997). The disadvantage of PM sensors is that they are
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not available on geostationary satellites, which makes them have a longer latency (Heinemann et
al., 2002). A combination of both, microwave (MW) data from polar orbiting satellites and IR
data from geostationary systems, is an obvious approach to overcome some of the shortcomings
in the estimation of precipitation. In this study, satellite-estimated rainfall by TRMM 3B42
(hereafter, simply “TRMM”), MPEG and CFSR is validated by comparing the estimates with the
ground observation rainfall data in the Lake Tana basin Ethiopia.
Validation of satellite rainfall products in the Ethiopian highlands will give an insight into how
the different products perform in this region. In general, three seasons exist in Ethiopia. The
main rainfall season from June to September, called the "Kremt" season, accounts for a large
proportion of the annual rainfall (approximately 86%), and the dry season extending from
October to January called "Bega" is followed by a small rainy season called "Belg”. The most
important weather systems that cause rain over the country includes the intertropical
convergence zone (ITCZ), the Red Sea convergence zone (RSCZ), tropical easterly jet (TEJ) and
Somalia jet (NMSA, 1996; Seleshi and Zanke, 2004). The main rainy seasons were found to be
significantly correlated with the El Niño-Southern Oscillation (ENSO) (Camberlin, 1997) and
most of the drought seasons in Ethiopia are more likely to occur during warm ENSO events
(Seleshi and Demaree, 1995).
A number of studies have been done to validate TRMM in the Ethiopian highlands (Dinku et al.,
2010; Tsidu, 2012). These studies have focused on comparisons of gridded satellite rainfall
estimations to a ground rainfall observation data. This study validates satellite rainfall products
in two ways: by comparing satellite-gridded rainfall data to point observation data and, second,
by comparing satellite areal rainfall estimates to areal ground-observed rainfall interpolated by
the Thiessen polygon method for the major sub-basins of Lake Tana. The Lake Tana basin is
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selected to take advantage of a relatively higher rainfall observation station density and the
availability of daily rainfall data. These rainfall products are selected for comparison given the
fact that the state-of-the-art algorithms are used to generate them. They are also freely available
for use in Africa. For example, Bahir Dar University, in collaboration with the Tana sub-basin
office and the University of Twente, the Netherlands, have established a GEONETCast groundreceiving station (Wale et al., 2011), that makes the MPEG satellite rainfall product locally
available. In addition, all three rainfall estimates (TRMM, CFSR and MPEG) have a relatively
high spatial resolution, global coverage and high temporal resolution.
The general objective of the study is to examine which of the three freely available satellite
products gives the best estimates of the spatial distribution of rainfall in mountainous terrain of
Ethiopia. The satellite estimates are compared with a relatively dense network of ground rainfall
observation stations distributed across the Lake Tana basin for year 2010 for which we were able
to obtain the most dense distribution of daily precipitation data.

2.1.1 Description of study area
The study is carried out in the Lake Tana basin source of Blue Nile River in the northwest
highlands of Ethiopia, with a total catchment area of 15,000 km2. The lake covers around 3,060
km2 at an altitude of 1786 m. The lake is located at 12o00’N, 37o15’E around 564 km from the
capital Addis Ababa (Wale, 2008). The basin has a complex topography with significant
elevation variations ranging from 1786 to 4107 m. The long-term annual average rainfall from
1994 to 2008 ranges from 2500 mm south of Lake Tana to 830 mm west of Lake Tana. Figure
2-1 shows the spatial distribution of the rain gauge station network in and around Lake Tana
basin with a TRMM and CFSR grid.
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Figure 2-1: The Lake Tana watershed, showing the TRMM and CFSR grids and the location of
the available and selected rainfall stations (90 meter digital elevation model as background).

2.1.2 Data availability
The data required for this study, gauge-observed rainfall data, are collected from the Ethiopian
National Meteorological Agency (ENMA). Long-term average annual rainfall from 1994 to
2008, daily rainfall data for the year 2010 and station location and elevation for 51 stations in
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and around the Lake Tana basin are obtained from ENMA. Some stations did not record the
rainfall consistently on a daily basis, or for other stations the location and the elevation were not
known. Thirty-eight stations remained that have continuous daily rainfall data for the selected
study period (2010). Of these 38, there are seven stations classified as Class 1 (synoptic stations),
where all meteorological parameters are measured every hour. The majority of the seventeen
stations are Class 3 (ordinary stations) where only rainfall and maximum and minimum
temperature are collected on a daily basis. The remaining 14 stations are Class 4; only daily
rainfall amounts are recorded.
Some of the MPEG data at 15 minutes temporal interval are acquired in near real time from the
low-cost satellite image reception station established at Bahir Dar University, Institute of
Technology (Wale et al., 2011). The daily aggregated MPEG data from 00:00 till 23:45 UTC, in
mm/day, are available online at ftp://ftp.itc.nl/pub/mpe/msg/. TRMM gridded rainfall estimates
are collected from the ftp site, available at:
ftp://disc2.nascom.nasa.gov/data/s4pa/TRMM_L3/TRMM_3B42_daily/. The daily gridded
CFSR rainfall data can be collected from http://rda.ucar.edu/datasets/ds094.1/.

2.2 Methods
The predicted satellite rainfall estimate and observed gauged rainfall data have different spatial
and temporal scales. The ground observation consists of 38 daily observations of point rainfall
amounts irregularly distributed across the Lake Tana basin (Figure 2-1). The MPEG, TRMM and
CFSR rainfall consists of spatially distributed time series regularly gridded data with spatial
resolution of 3 km, 0.25o (≈27 km at the Equator) and 38 km, respectively. A detailed description
of TRMM, MPEG and CFSR data is provided in Appendix A. The average annual rainfall from
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1994 to 2008 is plotted against the station elevation to see the stations likely affected by
convective precipitation and those very much affected by a combination of orographic and
convective precipitation. The backwards elimination technique was used to obtain the linear
trends with elevation in the long-term average rainfall. The backward elimination technique
successively eliminates the weakest independent station (variable), after which the regression
will be recalculated (Xu and Zhang, 2001). If removing the variable significantly weakens the
linear model, then the variable is re-entered; otherwise, it is deleted. This procedure is then
repeated by classifying the data in two groups until we found a maximum coefficient of
determination.
The gridded satellite rainfall estimation is linked to the ground rainfall observations in two ways:
Point-to-grid comparison: The grids of satellite rainfall estimation (MPEG, TRMM and CFSR)
are compared to the ground rainfall observation data within the satellite grid box. This means
that a point ground observation data are compared against a satellite grid data of sizes 3 by 3 km,
0.25 by 0.25 degree and 38 by 38 km for MPEG, TRMM and CFSR, respectively. Finally, the
comparison on monthly and annual basis is done by applying standard statistics.
Areal comparison: Satellite rainfall estimation is compared with the interpolated observed
rainfall stations. The ground rainfall observations are interpolated adopting a Thiessen polygon
method and compared with the respective satellite rainfall estimation for the major gauged river
basins of Lake Tana; the accuracy is measured using standard statistics. The major river basins in
Lake Tana used for this study are Gilgel Abay, Gumara, Ribb and Megech according to Kebede
et al. (2006), these rivers contribute approximately 93% of the surface water inflow.
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2.2.1 Ground rainfall observation station (GROS)
There are 51 meteorological stations operated by ENMA in the study area. Some of them have
no location information and/or the actual elevation provided is not considered reliable. For the 38
selected stations, daily rainfall is available in the 2010 study period. Monthly rainfall amounts
for selected stations are given in Figure 2-2. Long-term annual average rainfall varies between
830 mm and 2500 mm/year from 1994 to 2008. Approximately eighty six percent of the annual
rainfall falls between June and September.
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Figure 2-2: Averaged monthly gauged rainfall distribution of selected stations in the Lake Tana
basin (from 1994 to 2008).

2.2.2 Statistical measures
Three statistical measures were used to compare the satellite rainfall estimates with the ground
rainfall observations consisting of the coefficient of determination (R 2), multiplicative bias (Bias)
and root mean square error (RMSE).
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The coefficient of determination (R2) is used to evaluate the goodness of fit of the relation. RSquare address the question of how well the satellite rainfall estimates correspond to the ground
rainfall observations: it is the degree of linear association between the two terms; see Eq. (1).
2

R2 = (

n ∑(Gi Si )−(∑ Gi )(∑ Si )

√(n(∑ Gi 2 )−(∑ Gi )2 )(n(∑ Si2 )−(∑ Si )2)

)

Eq. (1)

Where: R2 is coefficient of determination, Gi the ground rainfall measurements, Si the satellite
rainfall estimates, and n the number of data pairs.
Root mean square error (RMSE) measures the difference between the distributions of the
ground-observed rainfall and the distribution of satellite rainfall estimation, and calculates a
weighted average error, weighted according to the square of the error. RMSE is givers a higher
weight for a larger errors. The lower the RMSE score, the closer the satellite rainfall estimation
represents the observed ground rainfall measurement; see Eq. (2).

RMSE = √

∑(Gi −Si )2

Eq. (2)

n

Where: RMSE is root mean square error, Gi the ground rainfall measurements, Si the satellite
rainfall estimates, and n is the number of data pairs.
Bias is a measure of how the average satellite rainfall magnitude compares to the ground rainfall
observation. It is simply the ratio of the mean satellite rainfall estimation value to the mean of the
ground rainfall observed value. A bias of 1.1 means the satellite rainfall is 10 percent higher than
the average ground rainfall observations; see Eq. (3).
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∑S

Bias = ∑ Gi

Eq. (3)

i

Where: Gi = ground rainfall measurements and Si = satellite rainfall estimates.

2.3 Result and Discussion
The long-term annual average rainfall from 1994 to 2008 is plotted against station elevation to
see the rainfall-elevation relation (Figure 2-3a). Two clear relationships can be observed; the first
one shows a 50 mm of rainfall increase for every 100 m elevation increase and the second trend
observed was a 125 mm rainfall increase for every 100 m elevation increase. These two relations
can be explained by stations likely affected by convective rainfall only (rectangles) and those
very much affected by a combination of orographic and convective precipitation (in circles) in
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Figure 2-3: (a.) Elevation vs. long-term annual average rainfall relations in the Lake Tana basin
(38 stations from 1984 to 2008) and (b.) two clear relationships: the first one shows a 50 mm
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rainfall increase for every 100 m elevation increase, and the second trend observed was a 125
mm rainfall increase for every 100 m elevation increase.

2.3.1 Point to grid comparison
The satellite rainfall estimates are aggregated to monthly temporal intervals, and the monthly
satellite rainfall estimation was extracted for the 38 station locations. The observed ground
rainfall and the extracted satellite rainfall for all 38 stations are depicted for the three standard
statistical techniques in Figure 2-4 a, b and c.
As shown in Figure 2-4a, the monthly MPEG and CFSR have strong correlation with the ground
rainfall observations stations (GROS). For MPEG, the coefficient of determination ranges from a
maximum of 0.99 (Enfranz station) to a minimum value of 0.58 (Aykel station). On average,
78% of the total observed rainfall variation is explained by the MPEG satellite rainfall estimate.
The CFSR has a coefficient of determination ranging from 0.63 to 0.99 for Shembekit and
Gassay respectively; on average, 86% of the total observed rainfall variation is explained by
CFSR rainfall data for the 38 stations. The correlation between TRMM and GROS on a monthly
basis is weak, with a maximum coefficient of determination of 0.29 (Addis Zemen station) and a
minimum value of 0.00. Multiple stations did not show a correlation with TRMM data. On
average, only 7% of the total observed rainfall variation is explained by the TRMM satellite
rainfall estimates. The root mean square error in Figure 2-4b gives very much the same trends as
in Figure 2-4a. The MPEG and CFSR have a much better RMSE (ranging from 0.63 to 9.5
mm/day), while TRMM has a RMSE ranging from 3.8 to 11.8 mm/day.
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Figure 2-4: (a) R2 of MPEG, TRMM and CFSR compared with 38 ground rainfall observation
stations (GROS) in the Lake Tana basin, sorted according to increasing station elevation. (b)
RMSE of MPEG, TRMM and CFSR compared with the 38 ground rainfall observation stations
in the Lake Tana basin, sorted according to increasing station elevation. (c) Bias of MPEG,
TRMM and CFSR compared with 38 ground rainfall observation stations in the Lake Tana basin.

Thus, MPEG and CFSR rainfall estimates are clearly better related to gauged rainfall than
TRMM. This is in agreement with the findings of Dinku et al. (2008), where, on average,
TRMM-3B42 captures only 15% of the rainfall variability for the whole of Ethiopia.
Finally, if we look at the rainfall distribution throughout the year, we found that the rainfall
estimates of MPEG and CFSR agree with the ground-based observation of 84 to 86 % of the
annual rainfall that occurs in the rainy monsoon phase from June to September, as exemplified in
Figure 2-5 for Gorgara and Agre Genet stations. In contrast, TRMM finds that only 30 % of
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rainfall is during the rainy season. Figure 2-6 shows the spatial distribution of total rainfall for
the year 2010 from MPEG, CFSR and TRMM.
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Figure 2-5: Temporal distribution of gauged rainfall and satellite rainfall estimation from
Tropical Rainfall Measuring Mission's (TRMM), Multi-Sensor Precipitation EstimateGeostationary (MPEG) and Climate Forecast System Reanalysis (CFSR) for Gorgara and Agre
Genet stations (year 2010).
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Figure 2-6: Spatial distribution of annual rainfall estimate for year 2010 from MPEG, CFSR and
TRMM data.
The bias calculated (Figure 2-4c) for MPEG, TRMM and CFSR ranges from 0.2 to 0.9, 0.5 to
1.9 and 0.24 to 2.69, with an average values of 0.43, 1.0 and 1.3, respectively. The MPEG is
consistent in under-predicting the observed rainfall; on average, it underestimates by 57 %. The
TRMM overestimates for 15 stations, and it underestimates for the remainder. The CFSR also
overestimates for 24 stations and it has the largest standard deviation of bias indicating the
spread of the bias between stations.
Stations likely affected by convective rainfall (22 stations, marked in rectangles in Figure 2-3b)
have a better correlation coefficient and a smaller RMSE than the stations likely affected by a
combination of orographic and convective precipitation (16 station, marked in circle in Figure
2-3b). The bias also indicated that stations likely affected by both convective and orographic
rainfall will have a higher bias than the likely stations affected by convective rain only. This is
quite reasonable, because orographic lifting of the moist air will lead to precipitation, while the
37

cloud-top temperature is still relatively warm. Satellite rainfall products may not detect the
rainfall from the warm clouds, as the cloud-top temperature would be too warm for TIR
thresholds (Dinku et al., 2008), and there will not be much ice aloft to be determined by PM
sensors, but, both sensors can detect the rainfall from the deep convection (Tsidu, 2012).

2.3.2 Areal comparison
Stations likely affected by convective rainfall are interpolated using the Thiessen polygon
method, and their weights on areal rainfall for the major watersheds are determined. Gilgel Abay
watershed has two stations likely affected by convective rainfall; Megech has three, Gumara six
and Ribb seven stations. The areal observed rainfall is compared with the areal satellite rainfall
estimation for the major gauged river basins in the Lake Tana. Figure 2-7 shows the correlation
and RMSE of areal ground rainfall observation station (GROS) vs. MPEG, areal GROS vs.
TRMM and areal GROS vs. CFSR for the major river basins of Lake Tana. Figure 2-8 shows the
bias of satellite rainfall estimation compared with the ground observation stations.
The areal MPEG and CFSR satellite rainfall estimations have a very high coefficient of
determination above 0.8; on average, both MPEG and CFSR captured 93 percent of the areal
observed rainfall variability in the major river sub-basins of Lake Tana (Figure 2-7). Overall, the
areal satellite rainfall estimates for the major river basins have a smaller RMSE and a higher R 2
compared to the results of point-to-grid comparison. This is because the stations used for areal
observed rainfall estimations are the stations likely affected by convective rainfall only, and the
satellite observation data are average value over the grid area. The areal bias computed (Figure
2-8) indicated that the MPEG rainfall consistently underestimates the observed rainfall by an
average of 60 percent, while the areal CFSR overestimates for Gilgel Abay and Ribb (on average
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by 40%) and underestimates for Megech and Gumara (on average by 5%). The areal RMSE of
MPEG is smaller than areal CFSR estimation. The areal TRMM rainfall indicated a very small
R-squared and a very high RMSE. The bias for TRMM rainfall estimation is not constant; it
overestimates for Gilgel Abay and Gumara by 40 and 10 %, respectively and underestimates for
Ribb and Megech watersheds by 10%. Thus, the consistence bias with an excellent correlation
for MPEG rainfall estimate means there is a possibility to use scaling factors for the rainfall bias
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2.4

Conclusions

This study evaluated EUMETSAT’s MPEF Multi-Sensor Precipitation Estimate-Geostationary
(MPEG), Tropical Rainfall Measuring Mission (TRMM) Multi-satellite precipitation analysis
TRMM 3B42 data version 7 and Climate Forecast System Reanalysis (CFSR) rainfall
estimation, using 38 ground rainfall observation stations in and around the Lake Tana basin for
2010. Two approaches were used in the evaluation: the precipitation of the point-gauged data
was compared to satellite-predicted rainfall for the grid in which the rainfall station was located;
and all satellite grid-based prediction was compared with the areal interpolated observed rainfall
stations that were only influenced by convective rainfall. The performance of MPEG and CFSR
satellite rainfall estimates for both point-to-grid and areal comparisons were better than for the
TRMM satellite rainfall amounts. Although the MPEG satellite rainfall underestimated
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consistently the ground-observed rainfall by an average of 60%, it captured the rainfall pattern
well. CFSR satellite rainfall also captured the observed rainfall pattern, but it overestimated for
some and underestimated for the other stations. TRMM rainfall was not consistent in estimating
the ground rainfall observation for both point-to-grid and areal comparison, and did not capture
the observed rainfall pattern at all.
The ground observation data indicated that 86 % of the annual rainfall occurred from June to
September, and the MPEG and CFSR indicated approximately the same percentage. The TRMM
indicated that only 30% of the annual rainfall to occurred during the rainy season of June to
September. Although the TRMM 3B42 bias is adjusted with monthly gauged rainfall data and
has performed well in many parts of the world (Javanmard et al., 2010; Ouma et al., 2012), such
an adjustment was not made for the Ethiopian highlands, because observed rainfall data were not
made available to the TMPA research team (Haile et al., 2013). Based on the study period for the
study area, MPEG has performed better in capturing the spatial and temporal patterns of
observed rainfall. The result suggested that there should be a further calibration for the TRMM
3B42 rainfall product to capture the temporal variation of rainfall, and MPEG can easily be
calibrated by a correction factor to capture the observed rainfall.
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CHAPTER 3: COMPARING TRMM 3B42, CFSR AND GROUNDBASED RAINFALL ESTIMATES AS INPUT FOR HYDROLOGICAL
MODELS, IN DATA SCARCE REGIONS: THE UPPER BLUE NILE
BASIN, ETHIOPIA3
Abstract
Accurate prediction of hydrological models requires accurate spatial and temporal distribution of
rainfall observation network. In developing countries rainfall observation station network are
sparse and unevenly distributed. Satellite-based products have the potential to overcome these
shortcomings. The objective of this study is to compare the advantages and the limitation of
commonly used high-resolution satellite rainfall products as input to hydrological models as
compared to sparsely populated network of rain gauges. For this comparison we used two semidistributed hydrological models Hydrologiska Byråns Vattenbalansavdelning (HBV) and
Parameter Efficient Distributed (PED) that performed well in Ethiopian highlands in two
watersheds: the Gilgel Abay with relatively dense network and Main Beles with relatively scarce
rain gauge stations. Both are located in the Upper Blue Nile Basin. The two models are
calibrated with the observed discharge from 1994 to 2003 and validated from 2004 to 2006.
Satellite rainfall estimates used includes Climate Forecast System Reanalysis (CFSR), Tropical
Rainfall Measuring Mission (TRMM) 3B42 version 7 and ground rainfall measurements. The
rainfall estimates are also validated for their prediction capacity using the calibrated and
3

Worqlul, A., Collick, A., Tilahun, S., Langan, S., Rientjes, T., and Steenhuis, T.: Comparing
TRMM 3B42, CFSR and ground-based rainfall estimates as input for hydrological models, in
data scarce regions: the Upper Blue Nile Basin, Ethiopia, Hydrology and Earth System Sciences
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validated model parameter sets of gauged rainfall. The results indicated that both the gauged and
the CFSR precipitation estimates were able to reproduce the stream flow well for both models
and both watershed, although care should be taken to further use the model parameters of CFSR
data. TRMM 3B42 was not be able to capture the gauged rainfall temporal variation. CFSR data
performed will when validated with gauged rainfall calibrated model parameter in Gilgel Abay
and had a poor performance over Main Beles. As expected the HBV model performed slightly
better than the PED model, because HBV divides the watershed into sub-basins resulting in a
greater number of calibration parameters. The simulated discharge for the Gilgel Abay was better
than for the less well endowed (rain gauge wise) Main Beles.

3.1

Introduction

Sound predictions of hydrological models need accurate spatial and temporal distribution of
precipitation (Sharma et al., 2012). However, in developing countries ground rainfall observation
stations are often unevenly and sparsely distributed and unlikely to improve soon (Worqlul et al.,
2014). According to the World Meteorological Organization (WMO, 1994) the minimum rainfall
station network density for tropical regions are 600 to 900 km2 per station for flat areas and 100
to 250 km2 per station for mountainous regions. But, in developing countries such a dense
network is not available (Taye and Willems, 2012;Conway, 2000). Recently, the availability of
satellite rainfall estimation where there is limited or no conventional ground rainfall observation
stations has attracted the interest of hydrologists (Collischonn et al., 2008;Yilmaz et al.,
2005;Hong et al., 2007). Satellite rainfall estimates have the advantage of high temporal
resolution and spatial coverage, even over mountainous regions and sparsely populated areas.
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Rainfall products, the Climate Forecast System Reanalysis (CFSR) and Tropical Rainfall
Measuring Mission (TRMM) 3B42 version 7 (hereafter, simply “TRMM”), besides being widely
used and freely available in Africa, have a relatively high spatial resolution, global coverage and
high temporal resolution. The product TRMM 3B42 has been available since 1998 in a spatial
resolution of 0.25o by 0.25o grid (≈27 km at the equator) at a 3-hourly temporal resolution in a
global belt extending from 50o N to 50o S. The performance of TRMM 3B42 version 6 has been
evaluated over Iran by Javanmard et al. (2010), over Nzoia River Bain in Kenya by Ouma et al.
(2012), over USA by Tian et al. (2007) and over Ethiopia by (Dinku et al., 2007) among others,
and the result indicated the importance of TRMM rainfall estimate in rainfall data scares regions.
The improved version 7 of TRMM 3B42RT which is near-real time and the research version
3B42 adjusted for monthly rain gauged data (Moazami et al., 2014;Xue et al., 2013;Chen et al.,
2013) has also performed well in capturing the gauged rainfall amounts and pattern. According
to Romilly and Gebremichael (2011) the near-real time version 3B42RT has performed well in
capturing the five year averaged gauged rainfall in Ethiopia compared to Precipitation Estimation
from Remotely Sensed Information Using Neural Networks (PERSIANN) and Climate
Prediction Center morphing method (CMORPH) rainfall estimates. Chen et al. (2013) after
comparing the real-time and research products with gauged rainfall data in the Mainland China
indicated that, the research version 3B42 has much better performance than the real-time product
3B42RT. The CFSR global atmosphere data has a spatial resolution of approximately 38 km and
the data is available since 1979 (Saha et al., 2010). Detail information on TRMM and CFSR data
can be found in (Worqlul et al., 2014;Wang et al., 2011;Saha et al., 2010;Huffman et al., 2007).
The validation of satellite rainfall products can be achieved by direct comparison with the ground
observation station network (Dinku et al., 2008; Bitew et al., 2012; Worqlul et al., 2014) or by
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their ability to predict stream flow using hydrological models (Bitew et al., 2012;Fuka et al.,
2013). A variety of hydrology models applied in the Ethiopian highlands, such as the
Agricultural Non-Point Source Pollution (AGNPS) (Haregeweyn and Yohannes, 2003;
Mohammed et al., 2004), Water Erosion Prediction Project (WEPP) (Zeleke, 2000) and the Soil
and Water Assessment Tool (SWAT) (Setegn et al., 2008, 2009, 2010; Betrie et al., 2011), had
limitations in capturing the daily runoff dynamics because the underlying runoff mechanism in
these models is based on infiltration excess although experimentally it has been shown that
saturation excess is the dominant mechanism of generating overland flow (Bayabil et al.,
2010;Tilahun et al., 2013a;Tilahun et al., 2013b). Water balance models, in particular the
Parameter Efficient Distributed (PED) (Steenhuis et al., 2009) and the Hydrologiska Byråns
Vattenbalansavdelning (HBV) (Lindström et al., 1997), which include saturation excess
processing and are not input data intensive, could represent the runoff better in monsoon climates
than infiltration excess runoff models for scales ranging from 100 ha basin to the whole Blue
Nile basin (Tilahun et al., 2013 a, b, c; 2014; Steenhuis et al., 2015; Abdo et al., 2009; Wale et
al., 2009).
Therefore, using the PED and HBV models to simulate stream flow, we assessed the suitability
(performance) and the limitations of state-of-the-art high-resolution satellite rainfall products
readily available in Africa in two watersheds, Gilgel Abay and Main Beles, located in the upper
Blue Nile Basin, Ethiopia. Gilgel Abay basin has high quality discharge data and a relatively
well distributed network of ground rainfall observation station, and Main Beles basin also has
good quality discharge data, but a less well-endowed network of ground rainfall stations with a
long period daily record data.
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3.2

Methodology

3.2.1 Study Area Description
The study watersheds, Gilgel Abay and Main Beles, are located in the Blue Nile Basin, in the
western part of the Ethiopian highland. The Gilgel Abay watershed is located in the Tana basin,
between 10°56’ to 11°58’N latitude and 36°44’ to 37°34’E longitudes. Gilgel Abay River is the
source of Lake Tana; it originates from a small spring located near Gish Abay Mountain at
elevation of 3000 m amsl. The Main Beles watershed is located in the Beles basin,
geographically it extends from 10o56’ to 12o N latitude and 35o12’ to 37o E longitude. The
watershed areas of the Gilgel Abay and Main Beles at their gauging sites are approximately
1,650 km2 and 3,212 km2, respectively, extracted from the 90 m resolution Shuttle Radar
Topographic Mission (SRTM) Digital Elevation Model (DEM). In Figure 3-1, the location of
meteorological stations and drainage pattern of the Gilgel Abay and Main Beles sub-basins are
depicted.
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Figure 3-1: Drainage Pattern and meteorological station network of the Gilgel Abay and Main
Beles basins.
Gilgel Abay and Main Beles basins have a complex topography with a significant elevation
variation ranging from 1890 to 3530 and 990 to 2725 m, respectively. The slope of the
watersheds varies from zero to 140%, with an average slope of 12% for Gilgel Abay and 14% for
Main Beles basins. Approximately 50 percent of the watersheds have a slope less than 8%.
Gilgel Abay and Main Beles basins have an average annual rainfall of 1860 and 1550 mm,
respectively. The main rainfall season is from June to September and accounts for 70 to 90% of
the annual rainfall (Kebede et al., 2006;Tarekegn and Tadege, 2006).
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3.2.2 Climatological and Discharge Data
Daily precipitation is collected from Ethiopian Meteorological Agency (EMA) for multiple
stations. Daily data from 1994 to 2006 is obtained from Dangila, Adet, Sekela and Enjibara
stations and the data collected from Chagni and Pawi was from 1998 to 2006. In addition, the
only data needed to estimate potential evaporation such as maximum and minimum temperature,
daily sunshine hour; maximum and minimum humidity and wind speed was available at the
Dangila station. Daily discharge data for Gilgel Abay and Main Beles at the outlet stations from
1994 to 2006 was obtained from Ethiopian Ministry of Water, Irrigation and Energy. The daily
gridded satellite rainfall estimation data TRMM product (3B42) Version 7 was downloaded from
the ftp server at ftp://disc2.nascom.nasa.gov/data/s4pa/TRMM_L3/TRMM_3B42 daily/ and
CFSR at http://rda.ucar.edu/datasets/ds094.1/ .

3.2.3 Satellite data
The two satellite rainfall estimates used in this study are TRMM product 3B42 version 7 and
CFSR. The TRMM-3B42 estimates are produced in four steps (Dinku et al., 2010;Huffman et
al., 2007): (i) the PM estimates are adjusted and combined, (ii) TIR precipitation estimates are
created using the PM estimates for calibration, (iii) PM and TIR estimates are combined, and (iv)
the data is rescaled to monthly totals where by gauge observations are used indirectly to adjust
the satellite product (Huffman et al., 2007). The near-real time version 3B42RT is produced at
the end of the third procedure, this data does not include gauge information (Ouma et al.,
2012;Huffman and Bolvin, 2013). The product TRMM 3B42 has been available since 1998 with
a spatial resolution of approximately 27 km at the equator and with a temporal resolution of 3
hour. The CFSR was designed and executed as a global, high-resolution coupled atmosphere–
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ocean-land surface-sea ice system to provide the best estimate of the state of these coupled
domains for the study period (Saha et al., 2014). The new feature in CFSR includes: the first
reanalysis system in which the guess fields are taken as the 6-h forecast from a coupled
atmosphere-ocean climate system with an interactive sea ice component; and it assimilates
satellite radiances and humidity values (Wang et al., 2011). The CFSR global atmosphere data
has a spatial resolution of approximately 38 km and the data is available from 1979 (Saha et al.,
2010).

3.2.4 Methods
The study comprises of two parts, in the first part, the satellite rainfall estimates (TRMM and
CFSR) are compared with gauged rainfall data within the satellite grid box. Then a monthly
comparison is done using a standard statistics (i.e., coefficient of determination and bias). The
areal rainfall of the gauged data and satellite grids are estimate by using inverse distance
interpolation. Next, the high-resolution satellite rainfall products (CFSR and TRMM) and
gauged rainfall daily data are used as an input to two watershed models HBV-IHMS and PED for
daily stream flow simulation in the Gilgel Abay and Main Beles basins. The model parameters
are used to fit the observed flow through model calibration. The model calibration period ranges
from 1994 to 2003 and the model is validated from 2004 to 2006 for gauged rainfall, CFSR and
TRMM data. The performance of the calibrated model is evaluated by the Nash-Sutcliffe
Coefficient (NSE), percent bias (PBIAS), and coefficient of determination (R2). In addition, the
calibrated and validated model parameter sets of the gauged rainfall are used to evaluate the
performance of CFSR and TRMM rainfall estimate in capturing the observed flow. The
hydrological models HBV and PED are described below:
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3.2.4.1 HBV-IHMS model:
The HBV (Hydrologiska Byråns Vattenbalansavdelning) model (Lindström et al., 1997) is a
conceptual rainfall-runoff model for continuous daily simulation of catchment runoff. In HBV,
the watershed is divided into sub-watersheds and further divided into elevation and land use
zones. The model simulates daily runoff using daily rainfall, temperature, long-term average
monthly potential evaporation, geographical information of the catchment which is sliced
elevation crossed with land use and observed runoff data for calibration. The general water
balance is described in Eq. (1):
d

P − E − Q = dt [SP + SM + UZ + LZ + L]

Eq. (1)

where P is the precipitation, E is evapotranspiration, Q is runoff, SP is snow pack, SM is soil
moisture, UZ is upper ground zone, LZ is lower ground zone, and L is the lake volume.
The model consists of subroutines for precipitation, soil moisture, response, transformation
function and simple routing procedure. The soil moisture accounting routine is based on three
parameters, Beta (β), FC and LP. β controls the contribution to the response function from each
millimeter of rainfall. FC is the maximum soil moisture storage. As the soil moisture exceeds the
limit for potential evaporation (LP), water will evaporate at a potential rate. The response routine
is described by an upper non-linear reservoir and a linear lower response routine connected with
Percolation (PERC) parameter. Khq and K4 are recession coefficient parameters for the upper
and lower response parameters. The non-linearity of the upper reservoir is controlled by the
parameter Alpha (α). The higher α, the higher the peaks and the quicker the recession (SHMI,
2006). A complete description of the HBV model can be found in Lindström et al. (1997), SMHI
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(2006) and Wale et al. (2009) among others. Input for HBV includes: long-term monthly
potential evaporation is estimated by the Penman-combination equation using Dangila
meteorological station. A digital elevation model (DEM) from SRTM DEM (Jarvis et al., 2008)
is used to extract the drainage area of the watersheds and to divide each watershed into three
different sub-basins and elevations zones. Land use data is collected from Ethiopia Ministry of
Water, Irrigation and Energy.
3.2.4.2 PED model:
The PED (Parameter Efficient Distributed) model (Steenhuis et al., 2009) is a conceptual semidistributed rainfall-runoff model for continuous daily simulation of catchment runoff. In PED the
watershed is subdivided into three sub-regions distinguished as the bottom lands that potentially
saturate in the rainy monsoon phase, degraded hillslope/exposed rock with little or no soil cover
and permeable hillslopes (infiltration zones). In the PED model various portions of the watershed
become hydrologically active when threshold moisture content is exceeded (Steenhuis et al.,
2013). The permeable hillslopes/infiltration zones contribute to the rapid subsurface flow (called
interflow) characterized by flow decreasing as a linear function of time, and baseflow is
characterized by an exponentially decreasing flow in time Steenhuis et al. (2013). Overland flow
is generated from saturated areas in the relatively flatter areas in the landscape and areas where
bed rock is exposed Steenhuis et al. (2009). For each of the three regions, the water balance
calculation is based on Thornthwaite and Mather (1955) procedure. The general water balance
equation for the sub-regions is described under Eq. (2):
St = St−∆t + (P − AET − R − Perc)∆t

Eq. (2)
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where St is water stored in the topmost layer, St-Δt is the previous time step storage (mm), P is
precipitation (mm day-1), AET is the actual evapotranspiration, R is the saturation excess runoff
(mm day-1), Perc is the percolation to the subsoil (mm day-1), and Δt is the time step (day).
The model simulates the daily runoff using daily rainfall, potential evaporation and daily runoff
data for calibration. Input for PED: potential evaporation is estimated by the Penmancombination equation. Landscape parameters for the model, the relative areas of three regions
are used as a model calibration parameter with their respective maximum soil moisture storage
capacity. Subsurface flow is simulated using a linear reservoir with a half-life (t1/2) and
interflow employing a zero order reservoir calibration parameter τ* is the duration of the period
after a single rainstorm until interflow ceases. A complete description of the PED model can be
found in Steenhuis et al. (2009), Tesemma et al. (2010), and Tilahun et al. (2013b).
3.2.4.3 Model Calibration and Validation
The two simulation models were calibrated manually, first by fitting the runoff volumes followed
by calibrating the shape of the hydrograph from 1994 to 2003 for gauged rainfall and CFSR data.
The TRMM data is calibrated from 1998 to 2003. The calibrated model is validated from 2004 to
2006 in all cases. In addition the CFSR data is validated with the calibrated and validated model
parameter sets of gauged rainfall parameter in capturing the observed flow.
The model performance is evaluated by three objective functions consisting of the Nash-Sutcliffe
Efficiency (NSE) (Nash and Sutcliffe (1970), percent bias (PBIAS), and coefficient of
determination (R2). NSE is a normalized statistic that determines the relative magnitude of the
residual variance compared to the measured observed flow variance. NSE ranges from negative
infinite to 1. Generally, NSE value between 0.6 and 0.8 indicates fair to good performance and a
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model is said to be very good when NSE is above 0.8 (Moriasi et al., 2007). PBIAS is the
relative difference between the observed and simulated flows. PBIAS measures the tendency of
the average simulated flow to be larger or smaller than the observed flow (Gupta et al., 1999). R2
is used to evaluate the goodness of fit of the relations. R2 examines the degree of linear
association between the observed and simulated flows.

3.3

Results and Discussion

3.3.1 Comparison of areal gauged rainfall with TRMM and CFSR rainfall estimates
The satellite rainfall estimate of TRMM and CFSR data are compared with the gauged rainfall
data station located inside the satellite grid box. Figure 3-2 shows the correlation coefficient and
bias of gauged rainfall vs. TRMM and CFSR data. The results indicate that CFSR data capturing
89 to 92% of the gauged rainfall pattern and TRMM captured 28 to 55% of the gauged rainfall
pattern. The bias calculated as a ratio of annual mean of satellite rainfall estimate to the gauged
data was 0.97 and 1.16 for TRMM and CFSR data respectively.
The areal rainfall of the gauged rainfall and satellite data is estimated by the inverse distance
interpolation method. Figure 3-3 indicates the satellite rainfall observation grid generated from
TRMM and CFSR data for Gilgel Abay and Main Beles basins. The long-term monthly areal
average ground observed rainfall; TRMM and CFSR for the Gilgel Abay and Main Beles basins
are depicted in Figure 3-4. The CFSR satellite rainfall and gauged data are averaged over the
period from 1994 to 2006 and TRMM over the period from 1998 to 2006 for the Gilgel Abay
and Main Beles basins.
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Figure 3-2: Long-term average monthly R-square and Bias of TRMM and CFSR rainfall
estimate vs. ground rainfall observation stations within the satellite grid box
Table 3-1: Coefficient of Determination (R2) areal gauged and satellite rainfall estimates for
Gilgel Abay and Main Beles basins.
Main Beles
TRMM CFSR Gauged

Basins
Main
Beles
Gilgel
Abay

TRMM

1.00

CFSR
Gauged

0.10
0.15

1.00
0.93

1.00

TRMM
CFSR
Gauged

0.87
0.11
0.16

0.26
0.99
0.94

0.37
0.90
0.99

Gilgel Abay
TRMM CFSR Gauged

1.00
0.26
0.38

1.00
0.93

1.00

Gilgel Abay and Main Beles watersheds have similar areal rainfall patterns according to both
gauged and CFSR rainfall data with a goodness of fit, R2, of 0.99 for each (Table 3-1). Areal
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TRMM rainfall estimates for Gilgel Abay and Main Beles have a similar pattern indicated by R 2,
of 0.87. CFSR also has captured the gauged rainfall for Gilgel Abay and Main Beles with R2
values of 0.94 and 0.93, respectively. The fit between TRMM and gauged data is poor, 0.38 and
0.15 for Gilgel Abay and Main Beles, respectively. TRMM average annual areal rainfall volume
estimates underpredict by 10% and 6% for Gilgel Abay and Main Beles, respectively, while
CFSR data overpredicts by 16% and 37%, respectively. Seventy five percent of the gauged areal
rainfall occurs during the rainy season from June through September compared to eighty percent
for CFSR and only 39% for TRMM.

Figure 3-3: Satellite rainfall observation grid of (A) TRMM and (B) CFSR for Gilgel Abay and
Main Beles basins. Grid size is approximately 27 km and 38 km for TRMM and CFSR,
respectively.
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Figure 3-4: Long-term monthly average areal rainfall of gauged rainfall, CFSR data (from 1994
to 2003) and TRMM (from 1998 to 2003) for Gilgel Abay and Main Beles basins.
Thus the TRMM 3B42 satellite rainfall data does not capture the temporal variation of rainfall
well for either point to grid or areal comparison. The poor seasonal rainfall predictions will cause
the misrepresentation of watershed discharge, with nearly 82% and 83% of annual discharge
occurring between June through September for Gilgel Abay and Main Beles, respectively.
Apparently, the TRMM 3B42 bias is adjusted with monthly gauged rainfall data, and as a result,
has performed well in many parts of the world (Ouma et al., 2012;Javanmard et al., 2010). But,
Dinku et al. (2008) and Haile et al. (2013), in the Ethiopian highlands, have indicated a
consistent result with our study. Haile et al. (2013) after personal communication with TMPA
research team indicated that gauged rainfall data of the Upper Blue Nile Basin was not made
available to them when the bias adjustment was conducted; therefore, further adjustment has to
be done to use TRMM 3B42 rainfall products in the Blue Nile Basin. Likely, the additional
adjustments will correct the seasonal distribution of rainfall in the Gilgel and Main Beles
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watersheds. A study by Romilly and Gebremichael (2011) indicated that, the near-real time
product 3B42RT performed better than PERSIANN rainfall estimate in capturing the gauged
rainfall with an average bias ratio of 1.05 for Ethiopia. Bitew et al. (2012) also indicated that,
3B42RT rainfall estimate has a smaller bias compared to the PERSIANN and 3B42 rainfall
estimates. Likely, the additional adjustment of 3B42RT with gauged data seems not working for
our study site. Since TRMM 3B42 data did not capture the temporal pattern of the gauged
rainfall, TRMM data is not used to capture the observed flow though model calibration.

3.3.2 Simulated runoff using PED and HBV models
3.3.2.1 Simulation of stream discharge with PED model
The calibrated PED models using gauged rainfall or CFSR rainfall could represent the observed
daily stream flow reasonably well for both the calibration and validation periods for the Gilgel
Abay basin (0.80 > NSE > 0.60) and the Main Beles (0.80 > NSE > 0.60), see Table 3-2 and
Figure 3-5. For both basins, as demonstrated in Figure 3-6 in which the average monthly values
are depicted and Table 3-2, the gauged rainfall gave slightly better results than the CFSR data
(Figure 3-7 a and b). For the daily values the same trend is observed in which the regression
coefficient indicated that during the validation period of the Gilgel Abay basin, the gauged
rainfall could explain 76% of the observed runoff variation and CFSR data could capture 68% of
the flow variation (Table 3-2).
We found that the PED model parameters of the fractional areas, the half-life of the baseflow and
the duration of the interflow after a rainstorm are sensitive for the prediction of stream discharge
using either of the two rainfall records similar to (Tilahun et al., 2013b). The model is insensitive
to the maximum soil moisture storage for any of three regions (periodically saturated bottom
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lands, degraded soils, and permeable hillside). The reason is that, for a monsoon climate during
the rainy phase, the soil does not dry out once wet, only during the first rains the discharge is
affected by the amount of the water that can be stored in the soils. Therefore we kept, maximum
water storages remained the same for all simulation.
Table 3-2: Optimized model parameter set of PED and model performance for gauged rainfall
and CFSR data for Gilgel Abay and Main Beles.

Description
Fraction of saturated area (%)
Fraction of degraded area (%)
Fraction of hillside area (%)
t1/2 (days)
τ* (days)
PBIAS
Calibration
(%)
Period (1994 to
NSE
2003)
R2
PBIAS
Validation period (%)
NSE
(2004 to 2006)
R2

Gilgel Abay
Gauged
CFSR
rainfall
0.07
0.06
0.05
0.05
0.86
0.57
45
45
40
40
10

7.6

0.74
0.75

0.73
0.74

-9.2

-5.9

0.65
0.76

0.63
0.68
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Main Beles
Gauged
CFSR
rainfall
0.02
0.02
0.05
0.02
0.73
0.35
18
20
46
-8.0

66
4.9

0.61
0.63
-9.0

0.63
0.65
6.2

0.68
0.69

0.66
0.72

Observed

CFSR

Gauged rainfall

Discharge(mm/day)

25
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Figure 3-5: Simulated flow of PED model by gauged rainfall and CFSR data plotted with
observed flow for Gilgel Abay basin.
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Figure 3-6: Comparison of long-term average monthly Gilgel Abay observed flow and PED
simulation for gauged rainfall, CFSR (from 1994 to 2003) and TRMM rainfall estimate (from
1998 to 2003).
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Table 3-2 lists the optimized PED model parameter sets for the gauged and CFSR rainfall
estimate for Gilgel Abay and Main Beles basins. The calibrated model parameters for the
subsurface flow represented by the half-life (t1/2) and interflow calibration parameter τ* for the
different rainfall input data are almost the same for all simulations as expected and consistent
with values used in simulation of Anjeni and Blue Nile Basins (Tilahun et al., 2013a). The
fractional regions contributing to rapid subsurface and overland flow have different values for
the gauged rainfall and CFSR rainfall data simulation. The total contributing area for the gauged
rainfall adds up to 98% for Gilgel Abay and 80% for Main Beles. It is also consistent with earlier
studies of PED simulation for a wide scale of watersheds study areas Tilahun et al. (2013b)
indicated that the fractional area's for a 180,000 km2 Blue Nile Basin adds up to 100 % while the
smaller watershed of less than 5 km2 are in the order of 60%. So, for a mid-range watershed area
in a range of 1000 km2 the fraction area up to 80 to 97% would be realistic. Using the CFSR the
fractional area adds up to 68% for the Gilgel Abay and 39% for the Main Beles. A fractional area
of 1 would mean that all rainwater minus evaporation over the long-term becomes discharge at
the outlet. The result of CFSR simulation indicates there should be a caution when calibrating a
hydrologic model directly with a rainfall estimate. Some of the caution taken should be
validation and adjusting of the bias of the satellite rainfall estimate using dense in situ
measurements. Otherwise, the poor prediction of satellite rainfall can be compensated by the
model parameters.
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Figure 3-7: Correlation between observed flow and simulated flow for the calibration period
using (a) gauged rainfall and (b) CFSR data for the Gilgel Abay Basin using PED model.
3.3.2.2 Simulation of stream discharge with HBV model
The semi-distributed HBV model has seven parameters controlling the total volume and shape of
the hydrograph; there level of model parameter sensitivity is documented in Wale et al. (2009).
The model is calibrated manually first by volume controlling parameters (FC, LP and Beta)
followed by calibrating the shape controlling parameters (Alpha, PERC, K4 and K). The
optimized model parameter sets of both watersheds and simulated discharge versus observed
runoff for gauged rainfall, and CFSR data of Gilgel Abay is shown in Table 3-3 and Figure 3-8
respectively.
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Table 3-3: Optimized model parameter set of HBV model and its performance for gauged
rainfall and CFSR data.

Description
Alpha
Beta
FC
LP
PERC
K4
Khq
PBIAS (%)
Calibration
Period (1994 to NSE
2003)
R2
PBIAS (%)
Validation
period (2004 to NSE
2006)
R2
Observed

Gilgel Abay
Main Beles
Gauged
Gauged
CFSR
CFSR
rainfall
rainfall
0.50
0.50
0.80
0.50
1.00
1.00
1.30
1.00
245
1200
650
1400
0.99
0.99
0.70
0.40
1.30
0.08
0.70
0.60
0.04
0.04
0.002
0.002
0.10
0.08
0.13
0.08
3.02
6.81
-3.12
2.82
0.78
0.72
0.63
0.62
0.79
0.73
0.65
0.63
10.0
0.19
9.2
9.6
0.71
0.62
0.61
0.60
0.81
0.68
0.63
0.61
CFSR

Gauged rainfall

500

Discharge(m3/s)

400
300
200
100
0

Figure 3-8: Simulated flow of HBV model by gauged rainfall and CFSR data plotted with
observed flow for Gilgel Abay basin (1994-2003).
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The simulated data for the calibration period using the gauged rainfall and CFSR indicated a fair
to good performance with a daily NSE performance indicator equals to 0.78 and 0.72 for Gilgel
Abay and 0.63 and 0.62 for Main Beles, respectively, and with a reasonable R 2 and PBIAS
(Table 3-3, Figure 3-10 a and b). The simulation for both gauged rainfall and CFSR data
captured well the base flow, the rising and recession limb of the hydrograph. Figure 3-10 depicts
the long-term monthly average observed flow and simulated flow for gauged rainfall and CFSR
rainfall estimate of Gilgel Abay and Main Beles basins.
The peak flow is better captured by the CFSR data than the gauged rainfall although both
simulation by gauged and CFSR rainfall underestimate very high single peaks that are commonly
caused by extreme high rainfall events. For the study period, in the Gilgel Abay watershed there
are 505 days with observed flow above 200 m3/s, the simulation by the CFSR rainfall estimate
has captured 340 events and the gauged rainfall has captured 235 events. The optimized model
parameters of the gauged rainfall and CFSR data have similar values except for FC and PERC in
both watersheds (Table 3-3). Field capacity (FC) of the calibrated model using CFSR data is
significantly higher than the FC value of model calibrated by gauged rainfall (1200 and 245 mm
for Gilgel Abay and 1400 and 650 mm for Main Beles). The FC value for the CFSR model
simulation indicated that the soil retained greater quantities of water and released it afterwards by
evapotranspiration and base flow compared to the gauged flow simulation, and it is the models
way to deal with the greater amounts of rainfall in the CFSR data compared to the gauged. The
increase FC will cause an increase in baseflow, and this has a counter effect on the percolation
parameter (PERC). The optimized model parameter set is tested for independent data from 2004
to 2006 and the result is acceptable for both gauged rainfall and CFSR data for the study
watersheds.
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Figure 3-9: Correlation between observed flow and simulated flow for the calibration period
using (a) gauged rainfall and (b) CFSR data for the Gilgel Abay Basin using HBV model.
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Figure 3-10: Comparison of long-term average monthly observed flow and HBV simulation for
gauged rainfall, TRMM and CFSR rainfall estimate of (a) Gilgel Abay and (b) Main Beles
basins.
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3.3.2.3 Validation of CFSR rainfall estimate by gauged rainfall calibrated and validated
parameters
The optimized model parameter sets of the gauged rainfall are used to validate the performance
of CFSR rainfall estimate by predicting the observed flow of both watersheds. This is achieved
by rerunning the calibrated and validated gauged rainfall model by CFSR rainfall estimate, while
keeping the optimized gauged rainfall model parameters. The performance of the simulated flow
has captured the observed flow pattern with R-square in between 0.6 and 0.74 for both
watersheds and both models but there are a larger volume difference between the simulated and
observed flow. The NSH value ranges between 0.4 and 0.5 for Gilgel Abay simulated by PED
and HBV model and it ranges between 0.0 and 0.2 when Main Beles is simulated by PED and
HBV. The performance of CFSR data for Gilgel Abay was better than the result of Main Beles,
this is associated with the quality of gauged rainfall data in the Gilgel Abay watershed which
lead to a reliable calibrated model parameter sets. Main Beles which has scarce gauged rainfall
observations the calibration model parameters seems not quite representative of the watershed
and leads to poor performance of CFSR data.

3.3.3 Evaluation of rainfall products using HBV and PED models
The semi-distributed hydrological models HBV and PED are considered parsimonious models
since they have a limited number of model parameters, making the calibration procedure less
complicated and avoiding the problem of overparamterization. Most of the time hydrologic
model calibration with a large number parameters leads to over parameterization (Whittaker et
al., 2010) leading to a poor prediction accuracy. Parsimonious models are preferred compared to
more complex models since they often perform as well as sophisticated ones (Duan et al., 1992).
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Both models have reasonably captured the observed runoff using gauged rainfall and CFSR
rainfall estimate as a model input for calibration and validation period for Gilgel Abay and Main
Beles. The performance of both models on Main Beles watershed using gauged rainfall and
CFSR data is close compared to the case of Gilgel Abay. This is because, ground rainfall
gauging stations in the Main Beles are scares compared to Gilgel Abay (Figure 3-1), and there is
no rainfall observation station inside the watershed. This indicates that CFSR data can be an
alternative to gauged rainfall as input to hydrological modelling when the rainfall station
network is less dense. But, caution should be taken when calibrating runoff using satellite rainfall
estimate, the data has to be corrected for bias otherwise the calibrated model parameters might
not be representative of the watershed characteristics. The peak flow for both models is better
captured by the CFSR rainfall data than the gauged rainfall for obvious reason of 20 % and 36%
additional rainfall for Gilgel Abay and Main Beles respectively. The simulation by the gauged
rainfall underestimates very high single peaks that are commonly caused by extreme high rainfall
events.

3.4 Conclusion
This study has assessed the performance of commonly used high-resolution satellite rainfall
products Climate Forecast System Reanalysis (CFSR) and Tropical Rainfall Measuring Mission
(TRMM) 3B42 version 7 compared to in situ measurements. In addition the CFSR data
performance is evaluated by its prediction capacity of the observed flow as input to semidistributed hydrological models HBV and PED in the Gilgel Abay and Main Beles basins,
Ethiopia. The simulation is also done for the gauged rainfall to capture the observed flow
through model parameter calibration and the calibrated model parameters are used to validate the
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performance of CFSR data. The gauged rainfall has performed well for both calibration and
validation period with a fair to good NSE and on average the simulation has explained
approximately 70% of the observed flow variation through model calibration for both models.
Rainfall estimate from the CFSR has also captured the observed flow though model calibration
with a fair to good NSE and on average the CFSR runoff simulation has captured approximately
69% of the variation of the observed flow for both models through model calibration. PED and
HBV models through model calibration have responded for the extra rainfall of CFSR satellite
rainfall estimate it has compared to the gauged rainfall. In HBV model, the maximum soil
moisture storage parameter (FC) was too large indicating a deeper hydraulically active soil
increasing the storage capacity of the soil. In PED model the fractional contributing area for
CFSR rainfall estimate adds up to 68% for Gilgel Abay and 39% for Main Beles respectively,
while the fractional contribution area for the gauged rainfall is 98% and 80% for Gilgel Abay
and Main Beles.
The TRMM data was not used to capture the observed flow since it was unable to capture the
gauged rainfall amount and pattern. We suggest further calibration of TRMM 3B42 rainfall
product for the Blue Nile area before the data is used for any application. The performance of
CFSR data was tested with the calibrated and validated model parameter sets of gauged rainfall
data. CFSR data performed better for the Gilgel Abay compared to the Main Beles watershed in
capturing the observed flow. This is possibly caused by the gauged rainfall data quality of Gilgel
Abay which is representative of the area. The gauged rainfall data used to simulate Main Beles
are outside of the watershed and they do not represent the upper catchment of the watershed.
Although only one station is available in the Gilgel Abay watershed and no rainfall station in the
Main Beles basin, the performance of the gauged rainfall in capturing the observed runoff is
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better than both CFSR rainfall estimates for calibration as well as validation periods. This
indicates that gauged rainfall has its merit, but for remote regions with few or no observation
stations in the Blue Nile area, CFSR rainfall estimate can be used to complement gauged rainfall
data scarcity. The fractional saturated and degraded area of the PED model can be validated
through satellite imagery by supervised land use classification. The simulation by the CFSR data
for both HBV and PED models was able to capture the peak flows better than the runoff
simulation by the gauged rainfall. So, the CFSR data might be more suitable to predict extreme
events when using either PED or HBV models.
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CHAPTER 4: PERFORMANCE OF BIAS CORRECTED MPEG
RAINFALL ESTIMATE FOR RAINFALL-RUNOFF SIMULATION IN
THE UPPER BLUE NILE BASIN, ETHIOPIA
Abstract
Spatial resolution of gauged precipitation data is poor in developing countries and often data are
missing. This has led to an increasing use of satellite rainfall estimates in landscape simulation
models. However satellite rainfall estimates (SRE) are prone to systematic errors. Understanding
and correcting bias error is important to accurately simulate the hydrology. In this study, we
corrected Multi-Sensor Precipitation Estimate-Geostationary (MPEG) data for bias and
simulated the observed flow of Gilgel Abay in the Upper Blue Nile basin, Ethiopia. We found
that, the MPEG satellite rainfall without bias correction captures the seasonal rainfall variation
but underestimates the gauged rainfall by 60%. By adjusting the volumes for the monthly means
of the MPEG by the observed means, the hydrologic model performed as well or better with the
bias corrected MPEG than with the gauged rainfall in capturing the observed flow through
hydrologic model calibration.

4.1

Introduction

Human ability to numerically model water resource systems has progressed greatly with
advances in computational power and the understanding of processes at finer scale (Silberstein,
2006). However, water resources data collection at varying spatial and temporal scales is
expensive, so that modellers often tend to conceptualize processes based on simplified views of
the system (Dozier, 1992) or match the observed data even if the underlying premises are
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unrealistic (Kirchner, 2006). Rainfall is one of the most sensitive model input parameter and
plays an important role in the hydrologic cycle. However its accuracy as a model input has been
questioned especially if gauging stations are far apart is common as in the developing countries
(Fuka et al., 2013).
Recently, satellite remote sensing has received increased attention in measuring precipitation
(Aonashi et al., 2009; Barrett, 1989; Ebert and McBride, 2000; Ferriday, 1994; Hong, 2003;
Huffman et al., 2007; Joyce et al., 2004; Kidd, 2001; Ochoa et al., 2014; Scofield and
Kuligowski, 2003; Sorooshian et al., 2000). Very few of these studies have evaluated the satellite
rainfall over Africa (Ali et al., 2005; Romilly and Gebremichael, 2011; Thorne et al., 2001;
Worqlul et al., 2014b). Satellite rainfall estimates (SRE) use either or the combination of thermal
infrared or the passive microwave channel portions of the electromagnetic spectrum. In thermal
infrared channel rainfall is estimated using a top cloud temperature threshold to discriminate
between raining and non-raining clouds. The threshold can be too cold for warm orographic
precipitating clouds. The rainfall estimate by passive microwave channel is a direct way of
measurement, because of the strong relationship between the radiance of microwave channel and
precipitation (Tian et al., 2007). Since passive microwave measurements are not available in the
geostationary satellites, the associated error with the microwave channel is sampling error
especially for shorter rainfall events as there is no frequent measurement in the passive
microwave channel (Kidd et al., 2003). In addition, algorithm performance depends on season
and local climate conditions (Dinku et al., 2007; Dinku et al., 2008; Jobard et al., 2007).
Satellite rainfall estimates can be validated either by direct comparison with the gauged data
(Dinku et al., 2007; Worqlul et al., 2014a) or by transforming the satellite rainfall data to a
discharge signal with a hydrological model (Bitew and Gebremichael, 2011; Cohen Liechti et al.,
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2012). Translating the satellite rainfall to the discharge signal has poor predictions of rainfall can
be compensated by model parameters especially if distributed models are used with many model
parameters (Bitew et al., 2012). However, by using parsimonious models with few fitting
parameters this drawback can be mostly avoided.
In this study, the satellite rainfall estimate produced by EUMETSAT (see section 2.3), called the
Multi-sensor Precipitation Estimate Geostationary (MPEG) is validated by comparing it with the
in situ rainfall measurements and, after bias correction, it is validated by its prediction capacity
of the observed flow through hydrologic model calibration. In MPEG rainfall is estimated by
blending rainfall rates derived from passive microwave channel from polar orbiting satellite and
infrared channel from geostationary satellite (Heinemann and Kerényi, 2003). SRE are affected
typically by systematic and random error (Piani et al., 2010b; Teutschbein and Seibert, 2012b).
Some of the errors associated with SRE are consistent under prediction, missing seasonal
variation (Worqlul et al., 2014b) and a low or higher amount of dry days (Piani et al., 2010a) are
a few amongst others. Bias correction may vary from simple additive correction (Berg et al.,
2012) to a more complex histogram matching that can correct multiple moments of the
distribution of a variable at a time (Haerter et al., 2011; Teutschbein and Seibert, 2012a).
Worqlul et al. (2014b) validated MPEG rainfall estimate using 38 rainfall gauging station in the
Lake Tana sub basin indicated that MPEG rainfall estimate has a higher correlation coefficient
with a consistent bias which may be corrected using a simple linear bias correction. The
motivation of this research is to evaluate the usability of a bias corrected MPEG precipitation
data as a forcing to a semi-distributed hydrologic model Hydrologiska Byråns
Vattenbalansavdelning (HBV) (Lindström et al., 1997). HBV model is selected because, it has
performed well in capturing observed stream flow of Gilgel Abay River using rainfall data from
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traditional gauges (Abdo et al., 2009; Uhlenbrook et al., 2010; Wale et al., 2009; Worqlul et al.,
2015a) and it has minimum number of calibration parameters.

4.2

Methodology

4.2.1 Study Area Description
Gilgel Abay watershed is located in the Blue Nile Basin, western part of Ethiopian highland in
Tana sub basin between 10°56’ to 11°58’N latitude and 36°44’ to 37°34’E longitude. It
originates from a small spring located near Gish Abay Mountain at elevation of 3000m amsl
140km away from the Lake Tana. The watershed area of the Gilgel Abay at the flow gauging site
is approximately 1650 km2 as extracted from the 90 m resolution Shuttle Radar Topographic
Mission (SRTM), Digital Elevation Model (DEM). Figure 4-1 indicates drainage pattern and
ground rainfall observation stations network.
The watershed has a complex topography with significant elevation variation ranging from 1890
to 3530m and slope ranges between zero to 140% with an average value of 12% (Worqlul et al.,
2015a). The watershed has the largest surface irrigation potential compared to the other sub
basins in the Lake Tana district (Worqlul et al., 2015b). The watershed is dominated by
agricultural land; the dominant soil is Luvisols and Alisols covering approximately 56 and 40%
of the watershed, respectively. Both Luvisols and Alisols have a higher clay content in the
subsoil than in the topsoil (Michéli et al., 2006). Rainfall in the study area on average varies
between 1300 and 2300 mm (1994 to 2013). The main rainfall season called “Kremt” from May
to September accounts for up to 90% of the annual rainfall.
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Figure 4-1: Drainage pattern and rainfall station network of Gilgel Abay basin, background a 90
m resolution digital elevation model.

4.2.2 Climate and discharge data
Meteorological and hydrological data is collected from the Ethiopian National Meteorological
Agency (NMA) and Ethiopian Ministry of Water, Irrigation and Energy (EMWIE), respectively.
The data is collected from 2010 where the satellite rainfall estimate from MPEG is available to
end of 2013 where the meteorological and hydrological data’s are available. Daily gauged
rainfall data is collected from three nearby stations (Figure 4-1). Minimum and maximum
temperature, relative humidity, wind speed and daily sunshine hour are available from Dangila
station. Observed flow plotted for the study period indicated that, the dry season flow (January to
April) has increased significantly starting from 2006. Since 2006 the dry season flow has
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increased by approximately 200% when compared to the average flow of 1980 to 2005. The
study by Enku et al. (2014) indicated dry season flow of Gilgel Abay has a decreasing trend
since 1980 to 2000. It seems there is a problem with the rating curve especially for the dry
season flow since 2006. The wet season flow did not show a significant variation compared from
1980 to 2005.

4.2.3 MPEG data
Multi-sensor precipitation estimate-geostationary (MPEG) is produced by the European
Organisation for the Exploitation of Meteorological Satellites (EUMETSAT) meteorological
product extraction facility (MPEF). It is produced by blending rain rates derived from Special
Sensor Microwave / Imager (SSM/I) on board of the US-DMSP satellite are combined with
brightness temperature from infrared channel of MTP-METOSAT satellites (Heinemann and
Kerényi, 2003). The data is freely available through the GEONETCast near real time satellite
based data dissemination system (Wale et al., 2011; Worqlul et al., 2014b). The MPEG data is
available since 2010; it has a spatial resolution of 3 km with a 15 minute temporal resolution.
The daily aggregated MPEG satellite rainfall estimate from MPEF is downloaded from the
International Institute for Geo-Information Science and Earth Observation (ITC) ftp server. For
this study, daily MPEG rainfall estimate of Gilgel Abay basin is constructed for the study period
from 2010 to 2013.

4.2.4 Methods
The MPEG satellite rainfall estimate is used as input to a semi-distributed hydrologic model to
capture the observed flow of Gilgel Abay basin through model parameter calibration. To achieve
this, the methodology has three parts: first the areal MPEG satellite rainfall estimate is compared
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with areal gauged rainfall data from the period of 2010 to 2013 where the MPEG and ground
rainfall data is available. The comparison is done on monthly basis to see whether the MPEG
rainfall is capturing the pattern and volume of gauged rainfall or not. Second: the bias associated
with the MPEG data will be corrected by a multiplicative coefficient. The bias correction applied
is to match the monthly mean of MPEG satellite rainfall with mean of gauged monthly rainfall
amounts. To make use of the near-real-time MPEG data, the long-term average correction
coefficients will be extracted. In the study site there is a minimum of one year for the collected
hydrological and meteorological data to be accessible for the public use. The monthly mean of
the gauged and MPEG data are calculated by aggregating the daily areal gauged rainfall
interpolated by inverse distance and by aggregating the daily areal satellite grid rainfall estimate,
respectively. Lastly: the gauged, original and bias corrected MPEG rainfall estimates are used as
input to the hydrologic model to capture the observed flow of Gilgel Abay through HBV model
parameter calibration. The hydrologic model is calibrated from the period of 2010 to 2013 and
performance of the model is evaluated by using percent bias (PBIAS), coefficient of
determination (R-square) and Nash-Sutcliffe coefficient (NSE) as objective functions.
In addition, the performance of bias corrected MPEG and long-term MPEG bias correction
coefficients will be validated by their prediction capacity of the observed flow. In both cases the
calibrated gauged rainfall parameter sets will be used as those parameters are assumed to
represent the physical watershed characteristics of a watershed (Kokkonen et al., 2003; Seibert,
1999; Wale et al., 2009).
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4.2.4.1 Bias correction
Some of the errors associated with SRE are consistent under prediction; missing seasonal
variation (Worqlul et al., 2014b) and a low or higher amount of dry days (Piani et al., 2010a) are
a few amongst others. Model parameter values obtained using biased SRE as forcing might not
be taken as reliable estimate of watershed characteristics (Behrangi et al., 2011; Bitew et al.,
2012). Therefore understanding the bias associated within SRE and correcting it is a necessity
step. Bias correction may vary from simple additive correction (Berg et al., 2012) to a more
complex histogram matching that can correct multiple moments of the distribution of a variable
at a time (Haerter et al., 2011; Teutschbein and Seibert, 2012a). In this study the bias associated
with MPEG, is corrected by applying a multiplication correction factor. The correction factor
applied is: to match the mean of monthly MPEG rainfall estimate with mean monthly of gauged
rainfall (Eq. 1).
̅̅̅̅̅̅̅̅̅̅
P

obs mi
PCorrMPEG(i) = PMPEG(i) ∗ ̅̅̅̅̅̅̅̅̅̅̅̅̅
P

(1)

MPEG mi

Where: PCorrMPEG(i) is daily bias corrected MPEG, PMPEG(i) daily original MPEG rainfall
estimate, ̅̅̅̅̅̅̅̅
Pobs mi monthly observed average rainfall and ̅̅̅̅̅̅̅̅̅̅
PMPEG mi is monthly average original
MPEG rainfall estimate.
4.2.4.2 HBV-IHMS model:
The HBV hydrologic model (Lindström et al., 1997) is a conceptual semi-distributed rainfallrunoff model for stream flow simulation. In HBV, the watershed is subdivided in to sub-basins
and further into different elevation and land use zones. The hydrological and climate input data
for flow simulation includes; daily data of rainfall, temperature, observed flow and long-term
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average monthly potential evapotranspiration. Long-term potential evaporation is estimated by
using the Penman-combination equation using Dangila station data. Digital Elevation Model
(DEM) from Shuttle Radar Topography Mission (SRTM) (Jarvis et al., 2008) is used to extract
drainage area of Gilgel Abay watershed for the outlet location and to divide the watershed into
sub-basins and elevations zones. Land use data is collected from the Ethiopia Ministry of Water,
Irrigation and Energy. Here, the HBV model will be discussed briefly, a complete description of
the model can be found in Lindström et al. (1997), SMHI (2006) and Wale et al. (2009) among
others. HBV model consists of subroutines for soil moisture accounting procedure, runoff
generation and a simple routing procedure. The soil moisture accounting routine is based on
three parameters (β), FC and LP (SMHI, 2006). Beta (β) controls the contribution to the
response function from each millimeter of rainfall. FC is the maximum soil moisture storage.
The limit for potential evaporation (LP) dictates a soil moisture value above which evaporation
reaches its potential. The runoff generation routine transforms excess water from the soil
moisture zone into runoff, this routine consists of upper non-linear and lower linear reservoir
connected by percolation (Perc). Khq and K4 are recession coefficients of the upper and lower
reservoir, respectively. Alfa (α) is the measure of non-linearity of the upper reservoir and it is
used to fit the higher picks into the observed hydrograph.
4.2.4.3 Model calibration
The calibration is done systematically by first fitting the observed flow volume followed by
calibrating the shape controlling parameters. The level of sensitivity of parameters controlling
the volume and shape of the hydrograph are listed in Wale et al. (2009) and SMHI (2006). HBV
has seven sensitive model parameters controlling the volume and shape of the hydrograph. The
model is calibrated first for volume controlling parameters FC, LP, Beta and Khq followed by
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shape controlling parameters Alfa, K4 and Perc parameters. HBV model is calibrated for both
gauged rainfall, original MPEG and bias corrected MPEG from 2010 to 2013. The performance
of the model is evaluated by using multiple objective functions including percent bias (PBIAS),
Nash-Sutcliffe Efficiency (NSE) and Coefficient of Determination (R-Square). PBIAS calculates
the relative volume difference between simulated and observed volume. A negative value
indicates the over-prediction and positive value indicates under-prediction of simulation. A
PBIAS value of zero might not mean a perfect simulation since the distribution through time is
not considered. NSE is the normalized statistics that tells about the relative magnitude of residual
variance compared to the observed flow variance. NSE indicates how well the plot between
observed and simulated flow fits the 1:1 line (Moriasi et al., 2007). NSE value between 0.6 and
0.8 is considered fair to good and very good when NSE is greater than 0.8. R-Square evaluates
the degree of linear association between observed and simulated flow. For a perfect fit the slope
and intercept has to be checked.

PBIAS =

∑(QObs(i)−QMPEG(i) )

NSE = 1 −

∑ QObs(i)

∗ 100

∑(QObs(i)−QMPEG(i) )
̅̅̅̅̅̅̅̅
∑(QObs(i) −Q
Obs )

(3)

2

(4)

2

2

R − square = (

n
n ∑n
i=1(Qobs(i) QMPEG(i) )−(∑i=1 QObs(i)

)(∑n
i=1 QMPEG(i) )

2

2

√[n(∑ QObs(i) 2 )−(∑ QObs(i) ) ][n(∑ QMPEG(i) 2 )−(∑ QMPEG(i) ) ]

)

(5)

Where: BIAS: Percent bias, QMPEG(i): daily flow simulated by MPEG data, QObs(i): daily observed
___

flow, NSE: Nash-Sutcliffe Efficiency,

Q obs

: long-term average observed flow, R-square:

coefficient of determination and n is number of data pairs.
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4.3

Result and Discussion

4.3.1 Comparison of areal observed rainfall with MPEG rainfall estimate
The areal weights of ground rainfall stations are determined by the inverse distance interpolation
method, and then the areal average rainfall of gauged rainfall of Gilgel Abay is determined. For
MPEG data, the areal rainfall is determined by aggregating the 15 minutes interval rainfall data
to daily. Figure 4-2 shows the long-term average annual gauged and MPEG rainfall estimate
from 2010 to 2013.
The monthly areal gauged rainfall and MPEG satellite rainfall from 2010 to 2013 indicated a
higher correlation coefficient of 0.81 (Figure 4-3), which indicates MPEG areal rainfall capturing
81% of the ground rainfall variation. But, despite capturing the observed rainfall pattern, MPEG
rainfall estimate suffers by underestimating the gauged rainfall mount by 60% (Figure 4-3)
which is consistent with Worqlul et al. (2014b) findings. Thus, the consistence bias with a higher
correlation, MPEG rainfall estimate can be approximately corrected by a linear correction factor.
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Figure 4-2: Long-term annual average observed and MPEG rainfall estimate of Gilgel Abay
basin (2010 to 2013).
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Figure 4-3: Comparison of long-term monthly areal rainfall from gauge and MPEG estimate
Gilgel Abay basin 2010 – 2013.
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4.3.2 Performance of Bias corrected MPEG data
The bias associated with MPEG data is corrected to match with monthly average gauged rainfall
data. This is done by multiplying the daily MPEG rainfall estimate by the ratio of monthly
average gauged rainfall and original MPEG rainfall estimates (Eq. 1). Figure 4-4 presents the
daily rainfall difference between original and corrected MPEG from the gauged areal rainfall
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Corr. MPEG-Gauged
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-50

Jan-10

Rainfall difference (mm/day)
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Figure 4-4: Comparison of daily rainfall difference between original MPEG and corrected
MPEG form observed gauged rainfall from (2010 to 2013).
Throughout the study period more than 87% of the time original MPEG areal rainfall estimates
are less than the gauged areal rainfall on daily basis (Figure 4-4). After bias correction,
approximately 63% of the events have a rainfall record less than the gauge record (Figure 4-4).
The annual cumulative rainfall in Figure 4-5 indicated that original MPEG data has captured the
rainfall duration but it indicated a distinct lower slope compared to gauged rainfall indicating
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underprediction. The bias corrected MPEG rainfall estimate has captured the total annual volume
of the gauged rainfall for the study period.

Cumulative rainfall (mm)

2000

1500

Gauged rainfall
Orgional MPEG
Corrected MPEG

1000

500

0
1/1/2010
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Figure 4-5: Cumulative rainfall of gauged, original and bias corrected MPEG for year 2010.
The monthly mean bias correction factors of MPEG data compared for the study period indicated
a similar value for the main rainy season from May to September which accounts 90% of the
annual rainfall. The monthly correction factors for dry season have a significant variation as both
satellite and gauged rainfall estimates have poor performance on capturing lower rainfall
amounts (Berg et al., 2012; Toté et al., 2015). Figure 4-6 shows the correction factors of the
MPEG data on monthly basis for the main rainfall season. The line in Figure 4-6 indicates the
average values of the monthly average correction coefficients for the main rainfall season.
Generally, in Ethiopia, it will take approximately a year or more for the meteorological and
hydrological data to be recorded manually, decoded to electronic format and transferred to the
head office to be available for research use. So, the average values indicated in Figure 4-6 can be
used to correct the MPEG data to make use of the data available at near-real time.
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Figure 4-6: Monthly MPEG bias correction factors and long-term bias correction factor for the
study period.

4.3.3 Discharge simulation with gauged rainfall, original MPEG and bias corrected
MPEG data
The hydrologic model HBV is calibrated for the observed rainfall, original and bias-corrected
MPEG data. The calibration was approached systematically by calibrating the volume
controlling parameters first flowed by fine twining shape controlling parameters which influence
the shape of the hydrograph by distributing the calculated discharge in time. List of volume and
shape contriving parameters of HBV are tabulated in SMHI (2006) and Wale et al. (2009). Table
4-1 shows the optimized model parameter sets and model performance of gauged rainfall,
original and bias corrected MPEG rainfall estimates.

90

Table 4-1: Optimized model parameter sets of HBV model and its performance for gauged
rainfall, original and bias corrected MPEG data.
HBV
model
parameters
Alfa
Beta
Fc
K4
Khq
Lp
Perc
PBIAS (%)
NSE
R-square

Gauged
rainfall

Original
MPEG

Corrected
MPEG

0.5
1.0
340
0.08
0.18
0.70
6.0
8.5
0.78
0.84

0.5
1.0
100
0.07
0.01
0.90
6.0
70.0
0.16
0.60

0.5
1.0
460
0.10
0.08
0.80
6.0
5.9
0.80
0.82

The performance of the simulated flow using gauged and bias corrected MPEG indicated a very
good performance with a NSH of 0.78 and 0.80, respectively and with a PBIAS of less than 10%
(Table 4-1, Figure 4-7 and Figure 4-8). The performance of original MPEG data was poor in
capturing the observed flow through model calibration with a NSH value of 0.28 and a very high
PBIAS value of 70% indicating under-prediction.
Even though percolation parameter (Perc) which links the upper and lower reservoir was kept the
maximum value, the model did not capture the dry season flow very well. Otherwise, the model
has captured the rising and recession limb of the hydrograph for the gauged rainfall and for the
bias corrected MPEG data. The effort made to get the rating curve data at the EMWIE was not
successful, we recommend a further examination of the dry season flow (January to May) after
2006 as it has increased significantly by 200% compared to the long-term average from 1980 to
2005.
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Figure 4-7: Long-term monthly average flow of observed flow and HBV simulation by gauged
rainfall, MPEG and bias corrected MPEG data (2010 to 2013)
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Figure 4-8: Correlation between observed and simulated flow for the calibration period using (a)
gauged rainfall, (b) original MPEG, (c) bias corrected MPEG.

4.3.4 Cross validation of bias corrected MPEG data
The calibrated model parameter sets of the gauged rainfall data are used to validate the
performance of bias corrected MPEG by predicting the observed flow. The calibration model
parameters of the gauged rainfall and bias corrected MPEG in Table 4-1 have a similar value
except for the FC, Khq and Lp. The bias corrected MPEG has a higher FC and Lp which
indicates a larger active soil layer to store water and to emptied it by evaporation. This is caused
by the stronger effect of the multiplication correction coefficient on higher values. Simulation of
bias corrected MPEG rainfall estimate by gauged rainfall parameters captured the observed flow
well with a NSE value of 0.74 and with fair PBIAS value of 8% (2010 to 2013). The long-term
monthly bias correction factors under Figure 4-6 are also used to correct MPEG rainfall data to
up-to-date from 2010 to May 10-2015 and runoff is simulated where the observed flow is
available. The gauged rainfall calibration parameters are used to simulate the bias corrected
93

MPEG. Figure 4-9 indicates the monthly gauged and simulated flow of bias corrected MPEG
data using long-term average bias correction factors. Due to the absence of temperature and
observed flow data after 2013 the performance of bias corrected MPEG data is not evaluated.
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Figure 4-9: Flow simulated by bias corrected MPEG using long-term correction coefficients vs.
gauged flow 2010 to 2013.

4.4

Conclusion

Rainfall is one of the dominant water balance component and it is highly variable in both space
and time. Ground rainfall measurements can capture the temporal variation, but in developing
countries the rain gauge networks is scarce and it is declining rapidly (Overeem et al., 2013).
Satellite rainfall estimates can capture the spatial and temporal variation of rainfall using passive
microwave and/or thermal infrared part of the electromagnetic spectrum. But, satellite rainfall
estimate is prone to systematic error; understanding and correcting the bias associated within
should be a mandatory procedure before enforcing a hydrological model. In this study, we have
validated the performance of MPEG rainfall estimate by in situ rainfall measurements from the
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Ethiopian Meteorological Agency and associated bias is adjusted with the gauged rainfall data.
Finally the performance of bias corrected MPEG data is validated by its prediction capacity of
observed flow of Gilgel Abay watershed in the Ethiopian highland.
The MPEG rainfall estimate compared with the gauged rainfall data indicated a higher
correlation coefficient, capturing 81% of the gauged rainfall variation. But, despite capturing the
spatial variation, the MPEG rainfall underestimated the gauged rainfall by 60%. The associated
bias of MPEG rainfall estimate was consistent for the study period and it is in agreement with the
previous study by Worqlul et al. (2014a). The consistent bias of MPEG data is adjusted with
gauged rainfall to match with the mean of gauged rainfall data. The performance of bias
corrected MPEG data is validated by its prediction capacity of the observed flow though model
calibration. The result indicated that, the bias corrected MPEG data with the multiplication
correction factor to match with mean of gauged rainfall data has performed as good as or better
than gauged rainfall data. The long-term mean MPEG rainfall correction coefficients estimated
from 2010 to 2013 has also performed well in capturing the observed flow of Gilgel Abay
watershed using gauged rainfall parameters. This will allow as to use the near-real-time rainfall
data from MPEG to study flood in the Lake Tana area.
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CHAPTER 5: PREDICTING DISCHARGE DISPARITIES OF
NEARBY WATERSHEDS USING PHYSICAL CATCHMENT
CHARACTERISTICS IN THE LAKE TANA BASIN ETHIOPIA
Abstract
Stream water quantity and quality are dependent on the physical characteristics of a catchment.
The effect of physical catchment characteristics (PCCs) on river flow is not adequately
investigated in the upper Blue Nile River Basin. We selected two adjacent watersheds, Ribb and
Gumara, of comparable area but significantly different long-term mean annual yield to
investigate the effects of PCCs. To understand the characteristics which possibly affect the flow,
more than twenty physical catchment characteristics were extracted for both rivers from climate
data, physiographical characteristics, geological characteristics, land use, and soil, and a relative
percentage difference was calculated. Subsequently the Soil and Water Assessment Tool
(SWAT) was used to relate mathematically the watershed characteristic and climate with the
discharge for both watersheds by calibrating against the discharge from 1995 to 2004. Finally,
the areal average model parameters established in SWAT for Gumara at the hydrologic response
unit (HRU) and sub-basin-levels were used to rerun the Ribb model. The percentage difference
in physical catchment characteristics indicated no appreciable difference in climate and
physiographic characteristics, a moderate difference was observed in land cover/land use type;
and a major variation was observed in the soil types. SWAT model fitted the daily discharge well
with a Nash-Sutcliffe Efficiency (NSE) of 0.68 and 0.71 for Ribb and Gumara, respectively and
with a PBIAS of less than 10%. The percent difference of fitted model parameters captured the
major variation of soil characteristics with significant differences in ground water, saturated
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hydraulic conductivity, and soil depth parameters. The result of rerunning Ribb with Gumara
areal parameters indicated a minor increase of flow in the Ribb River after Ribb calibrated
parameters were rerun in combination with Gumara areal slope, soil and channel parameters.
Ribb river flow significantly increased while simulated with Gumara areal runoff, evaporation
and groundwater parameters. Furthermore, the Ribb model reran with Gumara rainfall, assuming
Ribb watershed receives the same amount of Gumara areal rainfall, indicated annual average
river flow of Ribb would increase by 4.3 %.

5.1

Introduction

The observations made on the large variation in the annual yield of two adjacent watersheds in
the Lake Tana sub-basin of the upper Blue Nile Basin is a major motivation for this research.
The two adjacent watersheds, Ribb and Gumara are major tributaries of Lake Tana sub-basin
covering 25% of the watershed. The gauged parts of those two watersheds share a 45 km long
boundary and have comparable area. However the long-term mean annual yield (1994 – 2008)
of Gumera watershed at 9580 m3/ha/year is over 2 times that of Ribb which yields 3920
m3/ha/year (Wale et al., 2009). Despite an extensive existing knowledge base with respect to the
stream discharge modeling for the two watersheds (Kebede et al., 2006; Rientjes et al., 2011;
Setegn et al., 2008; Wale et al., 2009) this disparity in the long-term mean annual yield has not
been explained. We hypothesize that given the prevailing comparable climatic conditions
physical catchment characteristics (PCCs) are major drivers for the large disparity in the longterm annual yield of these watersheds.
Stream flow is governed by watershed characteristics, vis-à-vis physiographic elements, geology,
land-use, soil and climate characteristics. Physiographic characteristics include size and shape as
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well as elevation and its derivatives. The size of a watershed determines the yield in a given
watershed. A previous report in the Lake Tana Basin by SMEC (2007) suggested that area is a
dominant factor in estimating runoff, and used the area ratio method to estimate runoff from the
ungauged part of the watershed. The shape of a watershed determines the way that runoff will
bunch-up at the outlet and hence dictates the shape of the stream hydrograph while slope controls
runoff response to a rainfall event in a given watershed. Slope also affects the time of
concentration thereby contributing to the shape of the hydrograph (Singh, 1992). The geological
characteristics; drainage pattern and density reflect the ease with which flow will accumulate to
generate surface runoff. The higher the drainage density the more quickly water drains to a river
with limited infiltration (Post and Jakeman, 1999). Land-use change affects the surface
roughness, infiltration characteristics and the amount of water evaporated in to the air (Fohrer et
al., 2001). Various researchers have simulated the impact of land-use change on the river flow
(Bronstert et al., 2002; Hundecha and Bárdossy, 2004; Lørup et al., 1998). Some of such landuse changes include urbanization and conversion of dominantly cultivated land to woodland or
vice versa. The runoff process is also dictated by the soil characteristics, with soil governing the
infiltration and subsurface storage processes. Climate characteristics which include precipitation,
temperature, wind speed, relative humidity can also affect the hydrological balance by affecting
the proportion of evaporation and rainfall and consequently affecting the runoff volume.
Climatic characteristics are of less significance for relatively small watersheds located adjacent
to one another. The extraction of these watershed characteristics will be a first step to explain if
yield disparities are due to these characteristics. Such characteristics of a given watershed can be
used as pseudo characteristics in setting up a hydrologic model for an adjacent watershed under
comparison.
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In this paper we used models in the strictest sense as a mathematical construct that relates
watershed characteristics, climate (including rainfall) and watershed discharge. Several models
have been used in Ethiopia highlands including Parameter Efficient Distributed (PED)
(Steenhuis et al., 2009; Tilahun et al., 2013) and Hydrologiska Byråns Vattenbalansavdelning
(HBV) (Abdo et al., 2009; Wale et al., 2009) among others to capture the observed flow.
Although they have performed well, we have chosen a physically based distributed hydrological
model Soil and Water Assessment Tool (SWAT) (Arnold et al., 1998), since it is employs
directly the landscape parameters measured to simulate daily observed discharges while others
such as HBV and PED are lumped distributed models and do not include specific watershed
characteristics. (Neitsch et al., 2005) SWAT uses topographic information, climatic data, landuse and soil data as an input for runoff simulation and can be used to examine the effect of these
characteristics. The calibrated SWAT model is expected to represent the effect of those
watershed characteristics. It is assumed that model parameters are closely related to physical
catchment characteristics, as the parameters are calibrated to represent the functional behavior of
the catchment response (Merz and Blöschl, 2004). Multiple studies of regionalization (Kokkonen
et al., 2003; Seibert, 1999; Wale et al., 2009) indicated that physical catchment characteristics
have a strong relation with the model parameters. To capture the effects of watershed
characteristics on discharge the areal average values of Gumara model parameters will be used to
rerun Ribb model.
The main objective of this research is to examine the influence of physical catchment
characteristics such as climate, geography and physiographic, geology, soil, land-use and land
cover conditions on the dissimilar stream flow of two neighboring watersheds. And finally to
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understand the effect of watershed characteristics on Ribb River runoff yield compared to the
nearby Gumara River using SWAT hydrological model.

5.2

Martials and Methods

5.2.1 Study Area
The Ribb and Gumara watersheds are located in the Lake Tana sub-basin of upper Blue Nile
basin and lies between 11ο 30’N, 37ο 30’E and 12o 13'N, 38o 25'E. The sub-basin is labeled as a
growth corridor due to its considerable water and land resource which if developed properly will
have a major contribution in increased agricultural productivity and consequently reduce
poverty. Selected watersheds are of considerable importance due to the extensive water resource
development investment being undertaken by the government of Ethiopia. With outlets located
19 km apart (Figure 5-1) Ribb and Gumara Rivers drain a watershed area of approximately 1300
and 1285 km2 respectively extracted from a 90 m resolution Shuttle Radar Tomographic Mission
(SRTM) Digital Elevation Model (DEM) (Jarvis et al., 2008).
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Figure 5-1: Spatial distribution of meteorological stations and river network in the Ribb and
Gumara watersheds.

5.2.2 Data
Daily rainfall data of twelve nearby meteorological stations is obtained from the Metrological
Agency of Ethiopia (MAE). Figure 5-1 shows the spatial distribution of rainfall and temperature
measuring stations. Average annual rainfall (1994 – 2008) varies from 1000 to 1600 mm. Only
five of these stations record minimum and maximum temperature. Stream flow data of the
corresponding year is collected from Ministry of Water, Irrigation & Energy of Ethiopia
(MWIEE) and checked for gross errors and missing data are filled using regression and spatial
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interpolation methods. Ribb and Gumara rivers exhibit similar runoff pattern with a very high
coefficient of determination (0.98) on a monthly basis for the study period see Figure 5-2. For
both rivers the long-term average monthly discharge is maximum in August and minimum
around March and April. The long-term average annual runoff (1994 – 2008) shows 480 MCm
for Ribb and 1130 MCm for Gumara.
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Figure 5-2: Long-term monthly average runoff of Gumara and Ribb watersheds (1994 to 2008).
The spatial data required for the SWAT model are DEM, soil, and land-use data. A 90 m
resolution DEM was used to delineate the watershed, analyze the drainage patterns, characterize
the terrain and analyze shape parameters. 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 DEM. The soil and land-use data were obtained from MWIEE
(BCEOM, 1999). Important soil properties are derived using pedotransfer functions and a soil
database were built for use in SWAT. Relative humidity and wind speed is simulated using
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weather generator developed for Bahir Dar and Debre Tabor stations using a 20 years of daily
data.

5.2.3 Methods
Ribb and Gumara watersheds are located in a close proximity in the Lake Tana basin and they
have a comparable catchment area but, the long-term average runoff of Gumara river is
approximately twice that of Ribb river flow (from 1994 to 2008). So, to understand the effect of
PCCs on the river flow, the following procedures are done: (1.) A total of twenty PCCs from
observed metrological data, land-use, soil and a topographic data are extracted for both
watersheds, and the characteristics are compared to each other to identify the difference in
characteristics which possibly affect Ribb river flow. (2.) The Soil and Water Assessment Tool
(SWAT) is used to relate mathematically the watershed characteristics, rainfall and discharge
through model calibration (3.) To interchange the model parameters of Ribb and Gumara
watersheds, the model parameters are compared to each other to see whether the parameters have
captured the effect of the PCCs or not. Then, the areal average model parameters of Gumara
extracted from the hydrologic response units and sub-watersheds are used to simulate the Ribb
River flow. The procedure of transferring the model parameters of Gumara to Ribb will answer
the question: what if the Ribb behaves like Gumara watershed. The average values of Gumara
model parameters are used to rerun Ribb model with seven scenarios listed below:
Scenario one: rerunning calibrated and validated Ribb model parameters with areal average
values of Gumara evaporation and runoff controlling parameters CN2, CANMX, ESCO and
EPCO.
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Scenario two: rerunning calibrated and validated Ribb model parameters with areal average
values of Gumara slope parameters SLSUBBSN and HRU_SLP.
Scenario three: rerunning calibrated and validated Ribb model parameters with areal average
values of Gumara soil parameters SOL_AWC(1), SOL_Z(1), SOL_ALB(1) and SOL_K (1).
Scenario four and five: rerunning calibrate and validate Ribb watershed model with the areal
groundwater and channel parameters of Gumara, respectively.
Scenario six: simulating Ribb model using areal average model parameters of Gumara to see the
integrated effect of the model parameters on Ribb river flow.
Scenario seven: calibrated and validated Ribb watershed model is simulated using Gumara areal
rainfall (1994 - 2008).
5.2.3.1 Physical Catchment Characteristics
From the perspective of a modeler, a watershed is a hydrologic unit that translates rainfall and
evaporation into surface runoff, interflow and deep percolation based on physical catchment
characteristics that can be grouped into five major classes, those are: climate characteristic,
geography and physiography, geology, land-use and cover and soil condition.
Climate characteristics: include precipitation, temperature, wind, relative humidity and other
metrological elements for a given region over a long period. Potential evaporation is estimated
by Penman-Monteith approach. Using the nearby meteorological stations data from 1994 to 2008
areal rainfall and evaporation is estimated by inverse distance interpolation technique. Climate
index is also computed which is the ratio of long-term annual rainfall and evapotranspiration.
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Physiographical characteristics: includes size and shape of the watershed, average elevation,
and slope characteristics, which are extracted using the 90 meter resolution DEM. Geological
characteristics: includes drainage features (pattern, drainage density, etc.). Drainage density of
the watersheds is extracted from the SRTM DEM using the ArcGIS SWAT interface. Land-use
and cover characteristics: can affect the hydrological balance of the watershed by changing
magnitude and pattern of runoff, peak flow and groundwater levels. The land-use and cover
condition collected from MWIEE GIS department accomplished in 1998 as part of the Abay
master plan consists of bare land, cropland, forest, grassland, woody savannah and urban. Soil
characteristics: runoff generally occurs when the rainfall intensity exceeds the infiltration
capacity of the soil or after the soil is fully saturated. The soil map of the study area is also
collected from the MWIEE. The soil map is classified into six groups consisting of: Eutric
Fluvisols, Eutric Leptosols, Haplic Luvisols, Chromic Luvisols, Haplic Nitisols and Eutric
Vertisols for both watersheds.
5.2.3.2 River Discharge Characteristics
Ribb and Gumara rivers exhibit similar runoff pattern with a very high coefficient of
determination (0.98) on a monthly basis for the study period. Base flow of both rivers which
maintains the stream flow during dry period (Hall, 1968) was separated using daily time-series
flow data. Separation is performed to determine the proportion of the base flow and quick flow
of the hydrograph using filter based technique.
Base Flow Index (BFI) (Lacey and Grayson, 1998) which is a measure of base flow
characteristics of a catchment, defined as total volume of mean annual base flow divided by the
total volume of mean annual flow is used to compare both watersheds. A digital filter by Lyne
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and Hollick (1979) is used to characterize the BFI. The Lyne and Hollick (1979) method
separates high frequency and low frequency signals. High frequency waves are associated with
direct runoff, and low frequency waves are associated with the base flow component. Eq. (1)
shows the Lyne and Hollick (1979) digital filter used for base flow separation. Base flow is
separation is done by fine tuning the parameter Alpha to match with the observed flow in the
recession part of the hydrograph, which has a value ranging from 0.95 to 0.99
qt = α ∗ qt−1 +

(1+α)
2

∗ (Q t − Q t−1 )

Eq. (1)

Where Qt is stream flow at time t and qt is the corresponding quick response component, Qt-1 is
stream flow at time t-1 and qt-1 is the corresponding quick response component, Alpha (α) is the
filter parameter associated with the catchments and base flow is the difference between the total
discharge and the quick response component.
5.2.3.3 SWAT Description
In the Soil and Water Assessment Tool (SWAT) (Arnold et al., 1998) the watershed is first
subdivide into sub-basins based on the topography, and then each sub-basin is further subdivided
into a series of Hydrologic Response Units (HRUs), which have a unique soil, land-use and slope
combinations. Soil water content, nutrient cycles, surface runoff, crop growth, sediment yield
and management practices are simulated for each HRU and then aggregated for the sub-basin by
a weighted average (Abbaspour et al., 2007). A complete detail of the model concept and its
components is provided by Arnold et al. (2012). The general water balance equation used in the
model is described under Eq. 2.
SWt = SWt−1 + ∑t1(Pi − Q surf,i − ETi − Q loss,i − Q gw,i )
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Eq. (2)

Where: SWt is the soil water content above the wilting point at the end of day t. P i is the amount
of precipitation on day i and Q surf,i, ETi, Qloss,i and Qgw,i are the daily amounts of surface runoff,
evapotranspiration, percolation into deep aquifer, and lateral subsurface flow, respectively. All
components are estimated as mm water.
5.2.3.4 Calibration and validation of SWAT
The watersheds are delineated with a similar drainage threshold number of 8000 ha. This
threshold was selected to balance between the spatial resolutions of the input data and to limit the
number of sub watersheds for initialization. The result of watershed delineation indicated 9 and
11 sub-watersheds for Ribb and Gumara respectively. The sub-watersheds are further subdivided
into multiple HRUs without excluding marginal land-use groups below a certain threshold
percentage; the result indicates 222 and 227 HRUs for Ribb and Gumara, respectively.
There are two options available for calibration of the SWAT model: manual or auto-calibration
using SWAT-CUP (Calibration and Uncertainty Programs) (Abbaspour et al., 2007). In this
paper the Generalized Likelihood Uncertainty Estimation (GLUE) procedure of SWAT-CUP is
used for sensitivity analysis and model calibration. GLUE algorithms account for several sources
of uncertainties such as uncertainty in driving variables (e.g., rainfall), conceptual model,
parameters, and measured data (Setegn et al., 2008).
SWAT model parameters selected to represent PCCs are identified based on the previous study
in the Lake Tana area which affected river flow (Bitew and Gebremichael, 2011; Dile et al.,
2013; Setegn et al., 2009; Setegn et al., 2010). In addition, a few additional parameters are
included to represent PCCs soil, land-use/land cover and slope characteristics. Model parameters
used for flow calibration are: SCS runoff curve number (CN2), soil evaporation compensation
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factor (ESCO), Manning's "n" value for the main channel (CH_N2), available water capacity of
the soil layer (SOL_AWC), depth from soil surface to bottom of layer (SOL_Z), Groundwater
"revap" coefficient (GW_REVAP), groundwater delay (days) (GW_DELAY), base flow alpha
factor (days) (ALPHA_BF), threshold depth of water in the shallow aquifer required for return
flow to occur (mm) (GWQMN), threshold depth of water in the shallow aquifer for "revap" to
occur (mm) (REVAPMN), maximum canopy storage (CANMX), plant uptake compensation
factor (EPCO), average slope length (SLSUBBSN), moist soil albedo (SOL_ALB), saturated
hydraulic conductivity (SOL_K), average slope steepness (HRU_SLP), average slope of main
channel (CH_S2) and average slope of tributary channels (CH_S1). The types of change applied
to calibrate the parameters are ‘v_’ meaning the existing parameter value will be replaced by a
given value, ‘a_’ meaning a given quantity should be added to the existing parameter and ‘r_’
meaning the existing parameter should be multiplied by (1 + a given value) (Abbaspour et al.,
2007). The soil parameters (including SOL_AWC, SOL_K, SOL_ALB) are optimized with a
percentage correction of the values derived from the pedotransfer functions.
5.2.3.5 Multiple objective functions
The simulation period is split in to a warm-up (1994), calibration (1995 to 2004) and validation
(2005 to 2008) periods. How well the watersheds characteristics could represent the river
outflow is evaluated using multiple objective functions Percentage Bias (PBIAS), Coefficient of
Determination (R-Squared) and Nash Sutcliff Efficiency (NSE). These objective functions
should not be used alone. PBIAS Eq. (3): would not tell us the distribution of observed and
simulated flow through time but it will tell only the cumulative volume difference between
simulated and observed flow for the study period. R-Square Eq. (4): addresses the degree of
linear association between the observed and simulated flow. For a perfect fit regression, slope
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and intercept has to be one and zero, respectively. NSE Eq. (5): tells as the relative magnitude of
the simulated residual variance compared to the observed data variance. NSE also must be used
in combination with some other volumetric objective functions otherwise, it will lead as to a
wrong conclusion if the standard deviation of the observed variable is too large compared to the
simulated variance.

RVE = (

n
∑n
i=1 Qsim(i) −∑i=1 QObs(i)

∑n
i=1 QObs(i)

) ∗ 100

Eq. (3)

RVE: varies between negative infinity and positive infinity, but performs best when a value of
zero is generated.
2
n ∑ QObs(i) Qsim(i) )−(∑ QObs(i) )(∑ Qsim(i) )

R − Squared = (

2

2

√[n(∑ QObs(i) 2)−(∑ QObs(i)) ][n(∑ Qsim(i) 2 )−(∑ Qsim(i) ) ]

)

Eq. (4)

R-squared value can range from zero to one, where zero indicates no correlation and one
represents perfect correlation.
∑n (Q

−Q

)

sim(i)
Obs(i)
NSE = 1 − ∑i=1
n (Q
̅
−Q
)
i=1

Obs(i)

Eq. (5)

obs(i)

NSE value can ranges between negative infinite and one, but a perfect fit between the simulated
and observed data indicates a NSE value of one. NSE values less than zero indicates that, the
mean of observed flow is better than the model predictions.
Where: RVE: Relative Volume Error, R-Squared: Coefficient of Determination, NSH: NashSutcliff Efficiency, Q sim(i): simulated flow, Qobs(i): observed flow and n: number of simulated and
observed data pairs and

obs(i):

average of observed flow.
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5.3

Results and Discussion

5.3.1 Physical catchment characteristics
The percentage difference in Error! Not a valid bookmark self-reference. indicated no
appreciable difference in climate characteristic and physiographic characteristics between Ribb
and Gumara watersheds. The annual average areal rainfall computed from 1994 to 2008
indicated that, on average the Gumara areal rainfall is more than Ribb areal rainfall by 170
mm/year, which accounts 13.5% of Ribb annual rainfall. Physiographic characteristics longest
flow path length and circularity ratio are known to have no effect on annual river flow volume
rather determine the shape of the flow hydrograph.
The moderate difference in land cover/land-use type is observed for bare land, grass land and
woody savannah which represent a smaller proportion of the watershed area. Crop land
constitutes a major proportion of land cover/land-use in both watersheds. With no vegetation at
the onset of the rainy season the crop land generated a major proportion of the runoff.
Nevertheless given the lower difference of crop land proportion and similar agricultural practices
applied in the two catchments this land cover/land-use could not be a plausible explanation to the
variation in the annual yield difference.
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Table 5-1 below summarizes the PCCs extracted for Ribb and Gumara watersheds. The
percentage difference of characteristics is computed as the difference in characteristics between
Gumara and Ribb divided by the average.
The percentage difference in Error! Not a valid bookmark self-reference. indicated no
appreciable difference in climate characteristic and physiographic characteristics between Ribb
and Gumara watersheds. The annual average areal rainfall computed from 1994 to 2008
indicated that, on average the Gumara areal rainfall is more than Ribb areal rainfall by 170
mm/year, which accounts 13.5% of Ribb annual rainfall. Physiographic characteristics longest
flow path length and circularity ratio are known to have no effect on annual river flow volume
rather determine the shape of the flow hydrograph.
The moderate difference in land cover/land-use type is observed for bare land, grass land and
woody savannah which represent a smaller proportion of the watershed area. Crop land
constitutes a major proportion of land cover/land-use in both watersheds. With no vegetation at
the onset of the rainy season the crop land generated a major proportion of the runoff.
Nevertheless given the lower difference of crop land proportion and similar agricultural practices
applied in the two catchments this land cover/land-use could not be a plausible explanation to the
variation in the annual yield difference.
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Table 5-1: Physical catchment characteristics of Ribb and Gumara Watersheds
Major PCCs group

PCCs

Ribb

Gumara

Difference

Percentage
difference

Climate

Areal rainfall (mm/year)

1265

1435

Moderate

6.30

characteristic(from

Areal Evaporation

1225

1234

Low

0.37

1994 to 2008)

(mm/year)
Climate index

1.09

1.2

Low

4.80

Physiographic

Catchment area (km2)

1302

1284

Moderate

0.70

attributes

Longest flow path length

84.00

99.60

Low

8.50

Circularity ratio

0.26

0.35

Low

14.75

Average slope (degree)

21.55

17.88

Moderate

9.31

301

284

Moderate

2.91

% of Chromic Luvisols

39.70

24.40

Moderate

23.87

% of Eutric Fluvisols

23.90

0.50

High

95.90

% of Eutric Leptosols

36.20

8.20

High

63.06

% of Eutric Vertisols

0.00

3.50

Low

100.0

% of Haplic Luvisols

0.00

63.40

High

100.0

% of Haplic Nitisols

0.20

0.00

Low

100.0

% of Bare Land

1.79

0.53

Moderate

54.31

% of Crop Land

70.48

71.12

Low

0.45

% of Forest

1.06

0.81

Low

13.37

% of Grass Land

15.28

10.17

Moderate

20.08

% of Urban and Build up

0.07

0.07

Low

0.00

% of Woody savannah

11.31

17.29

Moderate

20.91

Base flow index (BFI)

0.45

0.51

Moderate

6.25

(km)

Geology and Soil

Land use/land cover

Base flow

Drainage density (m/km2)

A major variation in the two catchments is observed on their soil types. The difference in Eutric
Fluvisiols, Eutric Leptosols and Haplic Luvisols are the major lead to explain the annual yield
variation in the two watersheds. Ribb watershed is dominated with significant proportion of
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Eutric Leptosols (36%) characterizes as shallow soil and extremely gravelly (Michéli et al.,
2006). With Eutric Leptosols almost a quarter of the watershed area of Ribb watershed it
possesses a higher ground water recharge potential. Haplic Luvisols and Chromic Luvisols
covering 87% of the watershed area in Gumara watershed are characterized as having higher clay
content (60%). The average slope of Ribb and Gumara is similar with a minor difference. The
percentage slope distribution computed every five-degree interval from zero to 60 degree
indicated a minor difference (Figure 5-3).

Percentage slope

40
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Figure 5-3: Slope distribution of Ribb and Gumara watersheds
The Baseflow separated by Lyne and Hollick (1979) approach is shown in
Table 5-2. The result indicated an average daily baseflow of 18.7m3/s and 7.0m3/s from 1994 to
2008 for Gumara and Ribb watersheds, respectively. For the study period the majority of flows
in the Ribb is composed of quick flow which accounts 55% of the annual flow. Generally BFI
for Gumara watershed is slightly larger than Ribb watershed; this indicates the groundwater
contribution to Gumara watershed is slightly larger than Ribb watershed.
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Table 5-2: Average baseflow index of Gumara and Ribb watersheds (1994-2008)
Watershed

Average stream flow m3/s

Average base flow

Base flow index

m3/s

(BFI)

Gumara

36.6

18.7

0.51

Ribb

15.5

7.0

0.45

5.3.2 Model sensitivity calibration and validation
Model parameters optimization and uncertainty analysis is done using GLUE algorithm
incorporated within SWAT-CUP. The program allows parameter aggregation based on
hydrologic group, soil, land-use and sub-basin (Abbaspour et al., 2007). Ribb and Gumara model
parameter sets are iterated 14,000 times to converge to a maximum NSE for the calibration
period (1995 to 2004).
The fitted model parameter sets and their relative sensitivities are tabulated in Table 5-3. The tstat and p-value which are a measure of the significance of the sensitivity are also included. The
t-stat provides a measure of sensitivity (a larger absolute values is more sensitive) and p-value
determines the significance of the sensitivity (a value close to zero has more significance)
Abbaspour et al. (2007). The result of relative sensitivity analysis indicated a value ranging from
92 to -34 and from 49 to -125 for Ribb and Gumara respectively. Among which, the most
sensitive parameters in their relative order of sensitivity are CN2, ALPHA_BF, GWQMN and
GW_REVAP for Gumara and CN2, ALPHA_BF and GWQMN for Ribb watershed.
The result of daily river flow simulation for the calibration period (1995 to 2004) indicated a
reasonable performance with a NSE of 0.71 and 0.68 and RVE of 4% and 7% for Ribb and
Gumara watersheds, respectively. Figure 5-4 and Figure 5-5 indicated daily calibrated vs.
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observed flow of Ribb and Gumara watersheds respectively. The calibrated model validated
from 2005 to 2008 has also indicated a reasonable performance with a NSE of 0.77 and 0.72 and
RVE of 8% and 9% for Ribb and Gumara watersheds, respectively. See Table 5-3 the best fitted
model parameter sets, there relative sensitivity and the performance of the model for calibration
and validation period. Figure 5-6 indicates the spatial distribution of the long-term annual
average runoff of Gumara and Ribb watersheds extracted from HRUs. Figure 5-6 indicated that
most of the runoff is generated at the bottom of the hill at the flood plan area of both watersheds.
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Figure 5-4: Daily simulated and observed flow of Ribb Watershed (1995 – 2005)
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Figure 5-5: Daily simulated and observed flow of Gumara Watershed (1995 – 2005)
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Table 5-3: Fitted model parameter sets with their respective relative sensitivity value for Ribb
and Gumara watersheds
Model parameters

Lower and

Gumara

Ribb

upper
bound

Fitted

t-stat

p-value

value

Fitted

t-stat

p-value

value

r__CN2.mgt

±25%

4.7

41.93

0.00

-4.4

-125.86

0.00

v__CANMX.hru

±25%

4.09

-0.60

0.55

5.45

2.22

0.00

v__ESCO.hru

0 1.0

0.296

5.72

0.00

0.373

-5.13

0.00

v__EPCO.hru

0 1.0

0.399

-1.16

0.25

0.948

6.42

0.02

r__SLSUBBSN.hru

±25%

-13.0

0.67

0.50

9.3

1.45

0.15

r__HRU_SLP.hru

±25%

18.3

0.13

0.90

6.2

-0.56

0.57

r__SOL_AWC().sol

±25%

5

-8.76

0.00

-11.1

2.48

0.01

r__SOL_Z().sol

±25%

11.3

0.06

0.95

-25.6

1.74

0.08

r__SOL_ALB().sol

±25%

4.5

-0.80

0.42

-25.0

-1.13

0.26

r__SOL_K().sol

±25%

-2.8

-7.11

0.00

25.0

1.29

0.20

v__GW_REVAP.gw

0.02 0.2

0.096

-21.35

0.00

0.061

4.36

0.00

v__GW_DELAY.gw

0.0 500

19.63

-8.73

0.00

343.85

3.57

0.00

v__ALPHA_BF.gw

0.0

1.0

0.091

-34.29

0.00

0.172

-26.59

0.00

v__GWQMN.gw

0.0 5000

1969

-32.40

0.00

3570

8.11

0.00

v__REVAPMN.gw

0.0 500

67.7

4.34

0.00

416.4

1.28

0.20

r__CH_N2.rte

±30%

18.7

11.26

0.00

-20.9

-0.78

0.43

r__CH_S2.rte

±30%

-10.4

-8.33

0.00

24.6

-1.88

0.06

r__CH_S1.sub

±30%

24.8

-0.40

0.00

-24.4

0.85

0.39

Calibration

NSE

0.71

0.68

period

R-squared

0.70

0.68

(1995-2004)

RVE (%)

4.0

7.0

Validation

NSE

0.77

0.72

period

R-squared

(2005-2008)

RVE (%)
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Note: Parameters are constructed based on ‘a_’, ‘v_’ and ‘r_’ meaning an absolute increase, a
replacement and a relative change to the initial parameter value respectively. t-value is a measure of
sensitivity( larger t-value means more sensitive). p-value indicates the significance of the sensitivity (the
smaller the p-value, the less chance of a parameter being by chance assigned as sensitive).

Figure 5-6: Long-term annual average surface runoff of Ribb and Gumara watersheds at HRU
level

5.3.3 Effect of PCCs on the river flow
The best fitted model parameter sets of Gumara and Ribb extracted from each HRU’s and subwatersheds are used to estimate the areal average values (
Table 5-4). These areal average model parameters are categorized into six groups as runoff,
evaporation, slope, soil, groundwater and channel parameters. A percentage difference of areal
model parameters is computed as the difference in characteristics between Gumara and Ribb
divided by the sum.
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Table 5-4: Areal average model parameter value for Ribb and Gumara watersheds
Model parameters

Category

Ribb

Gumara

Relative

parameters

parameters

percentage
difference

r__CN2.mgt

Runoff

79.58

88.00

5.02

v__CANMX.hru

Runoff

5.45

4.09

14.26

v__ESCO.hru

Evaporation

0.37

0.30

10.45

v__EPCO.hru

Evaporation

0.95

0.40

40.74

r__SLSUBBSN.hru

Slope

40.61

36.09

5.89

r__HRU_SLP.hru

Slope

0.19

0.17

5.56

r__SOL_AWC(1).sol Soil

0.13

0.10

13.04

r__SOL_Z(1).sol

Soil

156.38

237.13

20.52

r__SOL_ALB(1).sol

Soil

0.10

0.09

5.26

r__SOL_K(1).sol

Soil

4.40

2.99

19.08

v__GW_REVAP.gw

Groundwater

0.06

0.10

25.00

v__GW_DELAY.gw

Groundwater

343.85

19.63

89.20

v__ALPHA_BF.gw

Groundwater

0.17

0.09

30.77

v__GWQMN.gw

Groundwater

3570.89

1969.08

28.91

v__REVAPMN.gw

Groundwater

416.42

67.69

72.04

r__CH_N2.rte

Channel

0.01

0.02

33.33

r__CH_S2.rte

Channel

0.02

0.01

33.33

r__CH_S1.sub

Channel

0.05

0.03

25.00

The areal average values of fitted model parameters indicated a significant difference in
groundwater and soil parameters which is consistent with the watershed characteristics where
those two watersheds are dominated by different soil groups.
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The possible effect of PCCs on annual yield of Ribb River is quantified by rerunning the
calibrated and validated Ribb model with the areal average model parameters and areal rainfall
of Gumara watershed. Before rerunning Ribb with Gumara average model parameters, Gumara
model was simulated with areal average model parameters. The result indicated acceptable
performance with a NSE of 0.62, indicating those average values are representative of Gumara
characteristics.
The result of Ribb model simulated for seven scenarios as indicated in section 2.3 is shown
under Table 5-5 and Figure 5-7. The result indicated a significant flow increase of Ribb when
simulated in combination with Gumara areal runoff and evaporation parameters (Scenario one).
Out of the runoff and evaporation parameters (Scenario one) the most sensitive parameter is
CN2, which is a function of land use, soil and slope characteristics. The percentage difference of
the plant uptake compensation factor (EPCO) and soil evaporation compensation factor (ESCO)
is large approximately 40.7 and 10.5%, respectively and they are significantly sensitive model
parameter as t-stat and p-value indicated in Table 5-3. Ribb calibrated and validated model
parameters simulated with Gumara slope parameters which are less sensitive (Table 5-3)
indicated insignificant effect on Ribb flow. Even though there is a significant difference between
the fitted soil depth (SOL_Z), available water capacity (SOL_AWC) and saturated hydraulic
conductivity (SOL_K) parameters, the result of Ribb flow simulation with Gumara soil
parameters indicated insignificant difference. The relative difference between the fitted
groundwater parameters was significant, and the annual flow volume increased by 13.3%. The
ground water parameters have significantly affected the time to peak by one month
approximately (Figure 5-7). The channel parameters which have a significant fitted value
difference have a minor effect on Ribb River flow. Ribb model rerun by Gumara rainfall
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assuming Ribb watershed receives the same amount of Gumara areal rainfall indicated an annual
average river flow by 4.3%.
Table 5-5: Ribb model rerun with Gumara areal model parameters and areal rainfall (1995 to
2004)
Average flow

Ribb rerun for different scenarios

(m3/s)

Percentage

Annual runoff

increased flow

yield

(%)

(m3/ha/year)

Ribb simulated flow

14.22

--

3444.9

Ribb calibrated parameters plus scenario 1

33.90

138.4

8211.0

Ribb calibrated parameters plus scenario 2

14.02

-1.5

3395.1

Ribb calibrated parameters plus scenario 3

14.36

1.0

3477.9

Ribb calibrated parameters plus scenario 4

16.12

13.3

3904.6

Ribb calibrated parameters plus scenario 5

14.22

0.01

3445.3

Ribb rerun using Gumara areal parameters

34.27

140.9

8299.5

14.82

4.3

3590.8

Ribb calibrated parameters plus Gumara
areal rainfall
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Figure 5-7: Monthly average Ribb model rerun with Gumara areal model parameters and areal
rainfall (1995 to 2004)
The observed average annual runoff yield from 1994 to 2008 was 3920 and 9580 m3/ha/year for
Ribb and Gumara, respectively. Ribb flow simulated by groundwater, areal rainfall and runoff
parameters close the runoff difference significantly. Figure 5-7 and Table 5-5 shows the annual
average long-term average flow and the percentage annual river flow increase for different
scenarios.

5.4

Conclusions

This study evaluates the effect of watershed characteristics on the river flow by considering two
nearby watersheds with comparable areas but with very high discharge disparities in the Upper
Blue Nile Basin. To understand the effect of PCCs, the study has extracted multitude catchment
characteristics from climate data, land-use, soil and topographic data. Then the percentage
difference in physical catchment characteristics was identified. The spatially distributed
hydrological model SWAT was used to represent the catchment characteristics through
hydrological modeling with assumption that model parameters are closely related to physical
catchment characteristics. Finally, the areal average model parameters values of Gumara are used
to simulate Ribb river model to answer the effects of watershed characteristics on Ribb river
flow. The PCCs result indicated that climate and physiographic attributes has no appreciable
difference between the two watersheds. The average slope of Ribb and Gumara is similar with a
minor difference in slope distribution. There is a moderate difference in land cover/land-use
type. The moderate difference in land cover/land-use type is observed for bare land, grass land
and woody savannah which represent a smaller proportion of the watershed area. A major
variation in the two catchments is observed on their soil types. The difference in Eutric
127

Fluvisiols, Eutric Leptosols and Haplic Luvisols are the major lead to explain the annual yield
variation in the two watersheds.
The hydrologic model SWAT has reasonably captured the observed flow through model
calibration with a NSE of 0.71 and 0.68 for Gumara and Ribb watersheds, respectively from
1995 to 2004. The model was validated for a different period (2005-2008) and performed well
with a NSE of 0.77 and 0.72 for Ribb and Gumara, respectively. The areal average values of
fitted model parameters sets estimated averaged over the sub-watersheds and HRUs level
indicated that, Ribb and Gumara have a significant difference on groundwater, channel, soil and
evaporation controlling parameters. In this case we can say that SWAT has captured the major
watershed characteristics difference. But the Ribb rerun with Gumara parameters indicated soil
and channel parameters have insignificant effect. The ground water parameters can increase Ribb
river flow by approximately 13%. The discharge disparities is mainly captured by the runoff and
evaporation parameters where Ribb flow is increase by approximately 138% when simulated
Gumara parameters. The discharge disparity is captured by increasing the water available for
transpiration (EPCO), soil evaporation compensation factor (ESCO) and SCS curve number
(CN2). The annual areal rainfall difference 170 mm/year through modelling indicated that it
accounts 4.3% of Ribb River flow. After rerunning Ribb model for areal average values of
Gumara watershed, it is indicated that Ribb flow will increase by 13.3%.
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CHAPTER 6: REALISTIC ASSESSMENT OF SURFACE WATER
IRRIGATION POTENTIAL IN THE ETHIOPIAN HIGHLANDS: THE
LAKE TANA BASIN4
Abstract
Although Ethiopia has a large potential to develop surface irrigation, only 5% of the 30 to 70
million hectares (ha) potentially available has been developed. To examine the underlying causes
of this lack of irrigation development, this study evaluates the suitability of surface water
irrigation for the Lake Tana Basin development corridor. Surface water availability and land
potentially suitable for irrigation development were considered. Surface water potential was
examined by analyzing long-term daily historical river discharges. Land suitable for irrigation
was determined with a GIS-based multi-criteria evaluation, which considers the interaction of
various factors such as climate, river proximity, soil type, land cover, topography/slope, and
market outlets. The results indicate that nearly 20% of the Lake Tana Basin is suitable for
surface irrigation. However, after analyzing 27 years of river discharge, less than 3% of the
potential irrigable area (or less than 0.25% of the basin area) could be irrigated consistently with
runoff from the river systems. Thus, the irrigation potential in the Lake Tana Basin can be met
by increasing dry season flows, by improving upland infiltration, by supplying water from
reservoirs, or by pumping water directly from Lake Tana.

4

Worqlul, A. W., Collick, A. S., Rossiter, D. G., Langan, S., and Steenhuis, T. S.: Assessment of
surface water irrigation potential in the Ethiopian highlands: The Lake Tana Basin, Catena, 129,
76-85, 2015.
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6.1

Introduction

The Ethiopian highlands are comprised of land resources, which are potentially suitable for
irrigation. Irrigation would provide farmers with sustained livelihoods and improve their general
well-being (Belay and Bewket, 2013; Hussain and Hanjra, 2004). However, the country’s
irrigable land has been underutilized, and only 4 to 5% of the potential area has been developed
for irrigation (Awulachew et al., 2007). Consequently, the agricultural economy of the country
is largely based on rainfed cultivation, but while employing 85 percent of the population, it only
contributes 50 percent to the gross domestic product (Berry, 2003). Ultimately, increasing
agricultural production using irrigation is one of the main drivers to end poverty caused by
insufficient output from these rainfed systems. Therefore, the study investigates the causes of the
underutilization of the land resources for irrigation.
According to the Ministry of Water, Irrigation & Energy of Ethiopia irrigation command areas
can be classified into three groups (Awulachew et al., 2005). The first group is small-scale
irrigation area of less than 200 ha, medium scale between 200 and 3000 ha and large scale above
3000 ha. Consequently, we quantified both the potential land areas suitable for small, medium
and large-scale surface irrigation; in addition, the available surface water potential for surface
irrigation was identified by analyzing historical river flow data. This investigation focused on the
Lake Tana basin situated in the Upper Blue Nile basin, which has been designated as one of the
growth development corridors for economic development by the government of Ethiopia to end
poverty.
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6.2

Materials and Methods

6.2.1 Description of Study Area
The study was carried out in the 15,000 km2 Lake Tana Basin, of which the lake covers around
3,000 km2. The lake is located at 12o00’N, 37o15’E in the North-West highlands of Ethiopia
(Wale et al., 2009). The elevation of the watershed ranges from 1,786 to 4,107 m and the slope
ranges from 0 to 167% with an average slope of 47%. The study area has a minor rainy season in
April and May and a major rainy phase from June to September during which approximately 75
percent of the annual rainfall occurs. The mean annual rainfall is 1,430 mm at Bahir Dar Station
south of Lake Tana, and 1,090 mm at Gondar Station north of the lake (Figure 6-1). The average
minimum and maximum temperatures are 20oC and 7oC at Debre Tabor station. The mean
annual relative humidity from 1992−2006 at Bahir Dar is 58 percent and at Gondar 53 percent. It
is expected that future irrigation water availability due to climate change will increase (Dile et
al., 2013).
Most farmers in the Lake Tana basin grow one crop per year during the rainy phase of the
monsoon from June to September when 85 % of the annual rainfall falls (Awulachew et al.,
2010; Awulachew et al., 2007; Belay and Bewket, 2013). The major rainfed crops are teff, corn,
sorghum, millet, barley, wheat, beans and rice. In addition Eucalyptus plantations are expanding
rapidly (Chanie et al., 2013). Irrigated crops are usually of high value and include Khat, a mild
narcotic leaf, onions, potatoes and vegetable crops. The acreage of irrigated crops in the Gilgil
Abay basin one of the major sub-basins of Lake Tana is in the order of 1% (Enku et al., 2014 )
and it is in the same order as in the other basins in the Lake Tana. Both surface and ground water
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are used for irrigation, with surface water irrigation dominant in the uplands and ground water
use in the plains around Lake Tana.

Figure 6-1: Study area with paved road network, major towns and rivers
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6.2.2 Source of Data Used
In this study we have first identified potential land areas suitable for surface irrigation using a
GIS based Multi-Criteria Evaluation (MCE) technique and then second quantified the available
surface water potential for surface irrigation by analyzing historical river flow data of the major
rivers in the Lake Tana Basin. To achieve this, the following datasets for the Lake Tana
watershed were collected.
6.2.2.1 Climate
Precipitation, temperature, wind speed, and relative humidity were collected from the Ethiopian
Metrological Agency (EMA). Monthly long-term rainfall was available from 1992 to 2006 for
eight stations (Figure 6-1). For calculating evaporation with the Penman-Monteith equation
(Monteith, 1965) the daily measurements of temperature, humidity, wind speed and sunshine
hours were collected from four of the synoptic stations at Bahir Dar, Gondar, Dangla and Debre
Tabor (Figure 6-1).
6.2.2.2 Land features:
Soil and land use data were obtained from the Ethiopian Ministry of Water and Energy (EMWE).
The dominant soil groups according to FAO soil classification (GroupWRB, 2006) in the Lake
Tana area are Haplic Luvisols (26%), Chromic Luvisols (20%), Eutric Leptosols (16%), Eutric
Vertisols (15%) and Eutric Fluvisols (14%) (Figure 6-2 a). The land use map indicated that the
study area was dominated by agricultural land covering approximately 74 percent followed by
the lake itself accounting for approximately 22 percent, and bush land and grassland at 6 percent
(Figure 6-2b). A 90 m resolution Shuttle Radar Topography Mission (SRTM) Digital Elevation
138

Model (DEM) was used to determine the percentage slope of the watershed on a pixel-by-pixel
basis (Figure 6-2g).

(a) Lake Tana soil

(b) Lake Tana land use

139

(c) Rainfall deficit

(d) Distance from town

(e) Distance to road

(f) Distance to river
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(g) Percent slope of Lake Tana
Figure 6-2: Major features affecting land suitability for surface water irrigation [soil (a), land
use (b), rainfall deficit (c), distance to town (d), distance to road (e), distance to river (f) and
percentage slope (g)].
6.2.2.3 Market outlets
Market access was determined by using the GPS location of the three major towns with a
population of more than 50,000 identified using 2007 Population and Housing Census of
Ethiopia and by the network of paved roads. The major paved road networks in the watershed
were digitized manually from geo-referenced Google™ Earth images in ArcMAP 10.2 (Figure
6-2d and 2e).
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6.2.2.4 Rivers proximity
The four main perennial tributary river networks contribute 93% of the total inflow of the lake
(Kebede et al., 2006) and were extracted digitally from the 90m SRTM DEM using the DEM
hydro-processing operations of ILWIS (Land and Water Information System, Figure 6-2f).
6.2.2.5 Historical river flow data
Daily river flow data from 1980 to 2007 of the four major rivers (Gilgel Abay, Gumara, Ribb
and Megech) were obtained from EMWE. The data was checked for gross errors, and missed
recordings were filled using regression and spatial interpolation methods.

6.2.3 Methodology
This study consists of two parts. First, we determined the land most suitable for surface irrigation
then we quantified the river water available during the dry season. Land suitability was
determined by assigning weights (or ranks) to the factors that likely affect the irrigation potential
of a certain land area. Factors considered are climate characteristics (rainfall and evaporation),
land features (soil type, land use and slope), market access and proximity to a perennial river.
Second, the amount of water available during the dry season (October to May) was determined
by analyzing long-term discharge records for the four main rivers in the Lake Tana basin.
6.2.3.1 Land Suitability Factors
Each factor determining the suitability of the land (parcel) for irrigation is classified into four
classes according to (FAO, 1976; FAO, 1981) framework ranging from highly suitable (class S1)
to not suitable (Class S4, Table 6-1).
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Table 6-1: Framework of land suitability classification of FAO (1976 and 1981)
Class S1

Land without significant limitations. This land is the best possible and does

Highly Suitable:

not reduce productivity or require increased inputs.

Class S2 Moderately
Suitable:

Class S3 Marginally
Suitable:

Land that is clearly suitable but has limitations that either reduce productivity
or require an increase of inputs to sustain productivity compared with those
needed on S1 land.
Land with limitations so severe that benefits are reduced and/or the inputs
required to sustain production need to be increased so that this cost is only
marginally justified.

Class S4 (N1) Currently

Land that cannot support the particular land use on a sustained basis, or land

Not Suitable:

on which benefits do not justify inputs

The suitability class of a land parcel with respect to market access and river proximity is
determined by its distance in relation to the road network, a large town and perennial rivers. The
distances were calculated by projecting the locations to a Mercator (UTM) Zone 37N. After
categorizing the distance map in to four classes of equal ranges, the farthest distances are in class
S4 and closer distances were classified as S1.
The climate suitability classes for the land parcels were found by calculating the annual irrigation
water requirement by aggregating monthly deficits, or the difference of the average monthly
rainfall and potential evaporation. The areal long-term averaged monthly rainfall and potential
evapotranspiration (from 1992 to 2006) were determined by Thiessen Polygon method. The
long-term average monthly deficit in rainfall is computed as rainfall minus evapotranspiration.
Monthly deficits were accumulated to yearly on pixel basis (Figure 6-2c). For the overlay
analysis, the average rainfall deficit values were divided into four classes by equal interval
ranging technique. Pixels with small deficits were classified in the S1 group meaning land
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without significant limitations for surface irrigation and pixels with the largest deficits were
classified in the S4 class. Note that the deficits are theoretically equal to the irrigation water
requirements at the site.
The land-characteristic suitability is based on slope soil type and land use. The slope map
computed from a 90m resolution DEM has four suitability classes for surface irrigation
suitability (FAO, 1999). Slope from 0 to 2 percent is classified as S1, from 2 to 4 percent as S2,
from 4 to 8 percent as S3 and slope above 8 percent is classified as S4. Finally, land use and soil
maps of the study area are reclassified to four different ranges of suitability groups based on their
suitability and FAO soil definition (GroupWRB, 2006). Agricultural land use is considered as
S1, grass land as S2, shrub land as S3 and forest area as S4. Soils with natural fertility and the
suitability for a wide range of agricultural uses (Luvisols) and very productive soils (Nitisols)
were classified as S1; Vertisols, Fluvisols and Cambisols with good natural fertility and
considerable agricultural potential were classified as S2; Regosols and Alisols with low moisture
holding capacity and poor fertility were considered to be S3; and Leptosols which are extremely
gravely and stony are classified as S4.
6.2.3.2 Irrigation potential
The irrigation potential of a parcel pixel is determined by weighting the factors discussed above
in Section 2.2.1. In this study, two types of weighting approaches were applied: the ranking
technique and pair-wise comparison technique. The ranking technique involves ordering of
decision factors (from 1 to “n”) according to their importance (Rossiter et al., 1999). Rank
ordering would involve assigning 1 to the most important factor, 2 to the second most important
factor, and so forth until “n” is assigned to the least important factor (Rossiter et al., 1999). In
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pair-wise comparison (Saaty, 1977), each factor was matched head-to-head (one-to-one) with
each other, and a pair-wise or comparison matrix was prepared to express the relative
importance. A scale of importance is broken down from a value of 1 to 9 (Table 6-2). The
highest value 9 corresponds to absolute importance, and the reciprocal of all scaled ratios is
entered in the transpose position (1/9 shows an absolute triviality).
Table 6-2: Pair wise comparison scale and definition (Saaty, 1977).
Intensity of
importance
1
3

5
7

9.

2,4,6,8

Definition

Explanation

Equal importance

Two factors contribute equally to the objective

Somewhat more
important
Much more
important

Experience and judgment slightly favor one over the other

Experience and judgment strongly favor one over the other.

Very much more

Experience and judgment very strongly favor one over the

important

other. Its importance is demonstrated in practice.

Absolutely more

The evidence favoring one over the other is of the highest

important

possible validity.

Intermediate
values

When compromise is needed

A preliminary surface irrigation area suitability map was computed for the two different
weighting scenarios using the Weighted Overlay tool of ArcGIS Spatial Analyst Toolbox. The
preliminary suitable area was multiplied by a constraint map, which consists of water bodies,
wetlands, urban areas, forest, and protected areas. These areas were given a value of zero
indicating that they ultimately limit the surface irrigation area suitability and are defined as
permanently not suitable by the FAO (1976 and 1981) framework. The final map indicating
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continuous areas suitable for small, medium and large irrigation was then obtained by identifying
pixels (with values greater than 85).
6.2.3.3 Surface Water Availability
Information on low flows was required to quantify the amount of water available for surface
water irrigation application during the dry monsoon phase. The low flows were calculated for the
major tributaries of Lake Tana (i.e., Gilgel Abay, Gumara, Ribb and Megech rivers) with daily
average discharges for the years from 1980 to 2007. These four rivers contribute more than 93%
of the total lake inflow (Kebede et al., 2006). The daily discharge data were obtained from the
Ethiopian Ministry of Water and Energy. Low-flow characteristics were estimated using a flow
duration curve and by determining the 90 percentile available flow. The 90 percentile flow is
described as the flow exceeded 90% (Q90) of the time for a particular year. The 90 percentile
available flows were determined by ranking all daily discharge and finding the discharge
exceeded by 90 percent of all values (Eslamian et al., 2010; Reilly and Kroll, 2003).
6.2.3.4 Irrigation potential as determined by water availability
The irrigated area was estimated as the quotient of the Q90 (discharge exceeds 9 out of 10 years)
and the crop water requirement (CWR) during the growing season of the crop. The crop water
requirement was calculated by summing maximum crop evapotranspiration (ET) plus loses
which include application losses, La, conveyance loss, Lc, and special needs, Ls.
CWR = ET + La + Lc + Ls

Eq. (1)

We note that, the dominant crops in the Lake Tana basin include barley, corn, millet, wheat,
sorghum, teff, beans and rice. According to FAO “56” (Allen et al., 1998) the maximum value of
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the crop coefficient, Kc, for the dominant crop is 1.15 which covers barley, wheat and rice.
According to FAO 56 (Allen et al., 1998) crop evapotranspiration is the product of potential
evapotranspiration, Eto and crop coefficient, hence,
ET = Kc ∗ Eto = 1.15 ∗ Eto

Eq. (2)

The potential evaporation was computed using the Penman-Monteith method.
Inefficiencies in irrigation water application and water requirements for special applications,
such as land preparation and leaching, are assumed to be 60% (Yohannes and Tadesse, 1998).
Consequently,
La + Lc + Ls = 0.6 ET

Eq. (3)

Combining Eqs. 1 to 3 we find that:
CWR = 1.84Eto

6.3

Eq. (4)

Results and Discussion

6.3.1 Weighting of factors and suitable areas for irrigation
The pair-wise comparison matrix Table 6-3 (using Table 6-2) was constructed first. The seven
factors ranging from soil to slope are listed in the first seven columns and the first seven rows in
Table 6-3. The column factors were compared with the factors in the rows for their significance
to surface irrigation, then using the scoring of Saaty (1977) in Table 6-2, the pair-wise matrix
Table 6-3 was prepared. Thus, for example in Table 6-3, the “river proximity” (in the column) is
much more important for determining the suitability of a parcel of land than the factor "land use"
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(in the row). Hence, we assign the value of 7 at the intersection of “river proximity” in the
column and "land use" in the row. Conversely, “land use” (in the column) of Table 6-3 is much
less important than “river proximity” (in the row) and we assign the reciprocal of 7 to the
intersection of these two factors. Next, after completing the pair-wise comparison matrix, the
weights of the factors are computed by normalizing the respective eigenvector by the cumulative
eigenvector. Eigenvalue vector is the nth root of the product of rows (Podvezko, 2009).
The results in Table 6-3 show that the factor "river proximity" is the most important factor, since
all its values are greater than 1 in its row followed by "road proximity" that only has one value
less than 1. The least important factor in considering surface water irrigation suitability is "land
use" with all its row values less than 1. In the ranking technique, factors were ordered according
to their priority. The judgment is subjective, weighting of decision factors is determined based on
the importance of each factors and involves knowledge of those familiar with irrigation in the
area. The factors road proximity, river proximity and slope were judged as very important
because they are associated with a large initial investment. Rainfall deficit and soil were
considered as important, but the remaining factors of land use and urban proximity were ranked
as least important.
These calculated weights of pair-wise and the weights assigned by ranking technique are listed in
the last two columns of Table 6-3 where the greater the value, the more important the factor. The
sum of each of the last two columns is 100. Both weighting approaches ranked the factors in the
same order: river proximity was the most important factor followed by the proximity of the road
and slope of the land. The factors weights in pair-wise comparison have a higher standard
deviation than ranking technique (11 and 5 respectively).
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Table 6-3: Pair-wise comparison matrix and weighting by ranking technique.

Factors
Soil

Soil

Land
use

River

Urban

Road

proximity proximity proximity

Rain
deficit

Slope

Pair-wise

Ranking

weighting

weighting

1

4

1/3

4

1/2

2

1/3

12

15

1/4

1

1/7

1/2

1/6

1/3

1/5

3

7

River Proximity

3

7

1

6

2

4

2

32

20

Urban Proximity

1/4

2

1/6

1

1/5

1/2

1/4

4

9

Road Proximity

2

6

1/2

5

1

2

2

22

18

Rainfall deficit

1/2

3

1/4

2

1/2

1

1/3

8

14

3

5

1/2

4

1/2

3

1

19

17

Land use

Slope

6.3.2 Surface area suitability
The weights of each factor in last two columns of Table 6-3 were further subdivided into four
intervals of equal ranges for each suitability group: highly suitable, moderately suitable,
marginally suitable and currently not suitable. For example, the “river proximity” factor in the
pair-wise weighting method of the pixels closest to the river is given a value of 32*4/4 (32) and
is considered highly suitable. If the pixel was considered moderately suitable a value of 32*3/4
(24) was assigned and a value of 32*2/4 (16) and 32*1/4 (8) is assigned for marginally suitable
and currently not suitable pixels, respectively. Each of the factors in Figure 6-2 was reclassified
in to Figure 6-3. Figure 6-3 indicates the reclassified factor maps with their assigned weights by
pair-wise and ranking techniques and the constraint map.
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Figure 6-3: Classified factor maps of the study site [soil (a), land use (b), rainfall deficit (c), town
proximity (d), road proximity (e), river proximity, (f) and slope (g)] and irrigation area constraint
map (h).
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A preliminary surface irrigation area suitability map was computed using the Weighted Overlay
Tool available in ArcGIS Spatial Analyst Toolbox for the two weighting scenarios (Figure 6-4).
Subsequently, the preliminary suitable areas are multiplied by the constraint map to exclude the
permanently non-suitable areas.

Figure 6-4: A preliminary surface irrigation area suitability map factors weighted by a. pair-wise
and b. ranking. Suitability value of hundred indicates all of the factors are being classified as S1
and if one or more of the factors are classified as S2, S3 or S4 the suitability is less than hundred.
The suitability value indicates the potential of the land for surface irrigation, the higher the value
the higher the irrigation potential.
The preliminary suitability area map was optimized by a user defined threshold number. The
threshold number used was greater than 85. Pixels with a suitability value of greater than 85
were identified as suitable areas. The optimized suitable area indicated thousands of suitable
areas across the watershed. Area of suitable polygons ranges from 0.81ha (single pixel 90 by 90
meter) to 9,059 ha by ranking and from 0.81 ha (single pixel 90 by 90 meter) to 14,726 ha by
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pair-wise weighting technique. The total percentage of suitable land for small scale, medium and
large scale surface irrigation accounts approximately 20% and 16% of the Lake Tana Basin by
pair-wise and ranking technique, respectively. There are multiple small scale suitable areas
smaller than 1 ha approximately 11,500 and 10,700 ha by pair-wise and ranking technique,
respectively. The optimized areas are filtered to identify medium- and large-scale suitable areas
greater than 200ha. The result indicated that 11% and 5% of the land are suitable for surface
irrigation by pair-wise and ranking technique, respectively. The result of the pair-wise
comparison was in the same range as Awulachew et al., (2007). However, the method in this
study reduced the bias associated with assigning weights to the factors and reasonably captured
the existing irrigation area. For that reason, the pair-wise weighting is preferred over the result of
suitability by the ranking-weighting technique. In
Table 6-4 the potential irrigable areas suitable for areas larger than 200 ha as determined by the
pair-wise weighting method are shown for each of the major tributary rivers of Lake Tana Basin.
The distribution of the suitable areas for each basin is shown in Figure 6-5, where the green color
indicates the areas suitable for irrigation in the Gilgel Abay basin, yellow for the Ribb, cyan for
the Gumara and gray for the Megech. The light blue color is Lake Tana.
Table 6-4 and Figure 6-5 show that the Gilgel Abay has the largest suitable area of
approximately 54,900ha but at the same time, the smallest portion of the total basin (12%)
compared to the other basins.
Table 6-4 also indicates that the highest portion of suitable area 19% is in the Megech watershed
but at the same time has the lowest total area. Most of the large and medium scale suitable areas
for irrigation are located in the Gilgel Abay basin (Figure 6-5 and
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Table 6-4).

Figure 6-5: Surface irrigation potential of Lake Tana indicated by green for the Gilgil Abay,
yellow for the Ribb, light blue for the Gumara and the gray for Megech. The red area is the
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irrigation potential area that can be irrigated during the dry monsoon phase for 9 out of 10 years
and are located in those areas that have the greatest irrigation potential.

Table 6-4: Spatial distribution of irrigation area suitable in major tributaries of Lake Tana Basin.

Number of large

Number of medium scale

Percentage of

Suitable

scale surface

surface irrigation suitable

suitable area for

Area (ha)

irrigation suitable

areas

surface irrigation

areas (>3000 ha)

(>200ha and < 3000ha)

(%)

Gilgel Abay

54,894

4

78

12

Ribb

31,780

3

4

16

Gumara

24,805

2

16

14

Megech

19,029

2

8

19

Total

130,508

11

106

61

6.3.3 Surface water availability
The 90 percentile available flow is determined by generating flow-duration curves (FDC). FDC
provides the percentage of time (duration) a daily or monthly stream flow was exceeded for the
27-year period from 1980 to 2007. The FDC graph of logarithmic daily river flow versus
exceedance frequency is plotted for the major tributaries as shown below in Figure 6-6. The FDC
of Megech has steep gradient, which indicates high variability of daily flow, with 1 per cent of
all days for the study period have zero flow. The FDC of Ribb River indicates a distinct dry
season with steep gradient showing about 5 per cent of all days have zero flow. FDC of Gilgel
Abay indicated no distinct dry season and it has relatively little variability in stream flow. The
Q90 obtained from flow duration curves in Figure 6 and that is exceeded 9 out of every 10 years
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are given in Table 6-5. The Gilgel Abay has the greatest Q90 flows has also the largest suitable
area. The Megech has the lowest Q90 and has the smallest suitable area.

Table 6-5: Average flow and extracted Q90 for the major tributaries of Lake Tana Basin.
Gilgel Abay

Gumara

Ribb

Megech

(m3/s)

(m3/s)

(m3/s)

(m3/s)

90% exceedance probability

1.90

0.70

0.12

0.06

Average daily flow (1992 to 2006)

54.40

33.39

14.82

6.26

6.3.3.1 Areas suitable for irrigation versus surface water availability
The result of the rainfall deficit analysis indicated that rainfall in the wet season June through
September is well above crop evapotranspiration. So, for the rainy season there is no need for
irrigation. To calculate the crop water requirements in different months a potential evaporation
rate was calculated using the Penman-Monteith approach, and the potential evaporation ranged
from 2.8mm/day in June (cold and rainy month) to 4.4mm day-1 in April (the warmest and driest
month). The total crop water requirement computed on a monthly basis using Equation 4 ranged
from 5.2mm/day to 8.1mm/day. The irrigation potential of the 90 percentile available water was
computed by dividing the available water in each sub-basin by the total crop water requirement.
The result indicated that November and December had the maximum irrigation potential of
approximately 4100ha, and April had the minimum potential of 3000ha. This area accounts less
than 3% of the potential irrigable area (or less than 0.25% of the basin area). In Figure 6-5, the
irrigation potential of the 90 percentile available flow in the major sub-basins of Lake Tana is
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shown in red and is located in the most desirable places. Figure 6-5 also indicated that the
irrigation potential of the available water was very small, and in the Ribb and Megech basin was
insignificant. The irrigation potential of the 90 percentile available flow computed for another
crop, such as millet, with a crop coefficient of 1.0 at the mid-season increased the irrigation
potential of the 90 percentile flow by 15% in all sub-basins. Still the change is insignificant
compared to the potential irrigable land.
Thus, to increase the irrigation in the potentially irrigable areas, water falling and flowing during
the rainy monsoon phase needs to be stored for the dry phase. To find the irrigable area if all
water was stored, we divided the average daily flow (from 1992 to 2006 in the major sub-basins
of Lake Tana, Table 6-5) by the crop water requirements. The result indicated that the average
flow of Gilgel Abay and Gumara Rivers is sufficient to irrigate the irrigation potential land in the
dry season. However, the average flow of the Ribb and Megech is not sufficient to irrigate the
potential area; they would be sufficient to irrigate only 50 and 35 percent of this area.

6.4

Conclusions

In this study, the surface water irrigation potential of the Lake Tana Basin was mapped based on
factors, which affect the suitability of land for surface irrigation, such as proximity to river,
slope, land use, soil, rainfall deficit and market outlets. The suitable land was filtered to identify
medium (between 200 and 3000 ha) and large scale (>3000 ha) suitable areas. The result
indicated that, approximately 130,000 ha (11 percent of the land) of the Lake Tana watershed is
suitable for surface irrigation. Gilgel Abay sub-basin has the largest potential area for surface
irrigation and Megech has the smallest potential area. However, the 90 percentile of the available
daily flow from 1980 to 2007 in the major rivers of Lake Tana sub-basin can only irrigate 3
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percent of the potentially irrigable land. We conclude that the main limitation for surface
irrigation in the Ethiopian highlands is the available water and not land suitable for irrigation.
Future estimates of irrigation potential should take into account the surface water availability,
and any future expansion and planning of surface irrigation in the Lake Tana Basin may involve
construction of dams across the river to store runoff during the rainy season.
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APPENDIX A: CHAPTER TWO
Appendix A1: Multi-Sensor Precipitation Estimate-Geostationary (MPEG)
MPEG is one of the products from MPEF as part of the Meteosat Second Generation (MSG)
Ground Segment. The MPEF primary function is to generate meteorological products from the
Level 1.5 image data supplied like those from the SEVIRI instrument on-board of the MSG
series of geostationary satellites by the Image Processing Facility (IMPF) (EUMETSAT). Multisensor Precipitation Estimate (MPE) is an instantaneous rain rate product which is derived from
the Infrared data (IR-data) of the geo-stationary EUMETSAT satellites by continuous recalibration of the algorithm with rain-rate data derived from polar orbiting microwave sensors.
The algorithm is based on a combination of MSG images from the Infrared IR10.8 micro m
channel and passive microwave data from the Special Sensor Microwave/Imager (SSM/I)
instrument on the United States Defence Meteorological Satellite Program (DMSP) polar
satellites. The role model for the MPE algorithm was the algorithm developed by (Turk et al.,
1999). The product is most suitable for convective precipitation, and is intended mainly for areas
with poor radar coverage (Heinemann and Kerényi, 2003). The MPEG data is available through
the GEONETCast near real time, global network of satellite-based data dissemination systems
designed to distribute space-based, air-borne and in-situ data. A ground GEONETCast reception
station is established at the compound of Bahir Dar University, Engineering Faculty (Wale et al.,
2011) in collaboration with Tana Sub-basin Organization (TaSBO) and with the University of
Twente, Faculty ITC, the Netherlands. The MPEG data is available at a temporal resolution of 15
minutes with a spatial resolution of 3 km for the whole field of view of MSG. The 15 minute
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MPEG data is aggregated to daily, monthly and annual rainfall for the study area for 2010, using
a daily aggregation time between 00:00 and 23:45 UTC.

Appendix A2: Tropical Rainfall Measuring Mission (TRMM)
TRMM, Tropical Rainfall Measuring Mission, was launched by the H-II rocket from
Tanegashima Space Centre of The National Space Development Agency of Japan (NASDA), on
November 28, 1997. This satellite has been developed as a joint project between Japan and US,
which is the first space mission dedicated to measure rainfall (NASDA, 2001).
TRMM works by combining both TIR and MW sensors (Dinku et al., 2011). The MW channel
carefully measures the minute amounts of microwave energy emitted and scattered by the Earth
and its atmospheric constituents. TRMM also operates in active radar. TRMM satellite orbits the
earth at a 35o inclination angle with respect to the equator. TRMM covers an area of the earth's
surface that extends well beyond the tropics, covering a swath between 38°N to 38°S. TRMM
makes these data available in both near-real time and delayed research-quality formats. The
TRMM rainfall product has a spatial resolution of 0.25 degree and a temporal resolution of 3
hours. For this study the TRMM product 3B42 version 7 is used. The TRMM-3B42 estimates are
produced in four steps (Dinku et al., 2010): (i) the PM estimates are adjusted and combined, (ii)
TIR precipitation estimates are created using the PM estimates for calibration, (iii) PM and TIR
estimates are combined, and (iv) the data is rescaled to monthly totals where by gauge
observations are used indirectly to adjust the satellite product. The major inputs into the 3B42
algorithm are IR data from geostationary satellites and PM data from the TRMM microwave
imager (TMI), Special Sensor Microwave/Imager (SSM/I), Advanced Microwave Sounding Unit
(AMSU), MHS (Microwave Humidity Sounder) and Advanced Microwave Sounding
Radiometer-Earth Observing System (AMSR-E) (Ouma et al., 2012). The successor GPM is
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launched in February 2014, with advanced radar and passive microwave sensors and will provide
continuous precipitation estimates for the next years to come.

Appendix A3: Climate Forecast System Reanalysis (CFSR)
The CFSR was designed and executed as a global, high-resolution coupled atmosphere–ocean–
land surface–sea ice system to provide the best estimate of the state of these coupled domains for
the study period (Saha et al., 2014). New features in the CFSR according to (Wang et al., 2011)
include: (1) it is the first reanalysis system in which the guess fields are taken as the 6-h forecast
from a coupled atmosphere–ocean climate system with an interactive sea ice component; and (2)
it assimilates satellite radiances rather than the retrieved temperature and humidity values. In
addition, the CFSR is forced with observed estimates of evolving greenhouse gas (GHG)
concentrations, aerosols, and solar variations (Wang et al., 2011). The CFSR global atmosphere
data has a spatial resolution of approximately 38 km and the data is available from 1979.
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