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Study region: Upper Blue Nile, Ethiopia
Study focus: The recent availability of high-resolution soil data offers a better representation of
spatially varying hydrologic parameters and could help in building accurate models. Despite the
release of the AfSIS 250 m resolution soil data in 2015, its benefits in improving streamflow
prediction accuracy is yet to be evaluated. The focus of this study is to evaluate the improvement
in prediction accuracy of an uncalibrated hydrologic model built using the recently released
AfSIS 250 m soil database in comparison to four other soil databases which are under use for the
last decade.
New hydrological insights for the region: Limited streamflow data availability has been a major
impediment to assessing water resources potential of watersheds. Recently the Africa Soil
Information Service (AfSIS) provided 250 m resolution datasets with soil properties for up to six
soil depth layers. The objective of this study is to evaluate the flow prediction accuracy gains
from the AfSIS 250 m if any, in comparison to previously availed databases using un-calibrated
SWAT (Soil and Water Assessment Tool) hydrologic models. The performance of the un-calibrated models was evaluated using streamflow at two of the gauging stations. Evapotranspiration
output from the respective models was also compared to remote sensing derived evapotranspiration estimates (MOD16 ET and ALEXI). Only marginal improvements in streamflow
simulation were achieved by using the most detailed AfSIS soil. A satisfactory agreement was
found in most of the area between SWAT simulated ET and MOD16 ET during the wet seasons
whereas ALEXI ET products are seasonally more consistent and comparable to SWAT estimates
over wide land cover types. Robust evaluation of these datasets in different landscapes and
geographic regions is warranted before a specific application.

1. Introduction
Hydrological models are critical tools in assessing water resources potential of watersheds. Limited flow data availability is a
major impediment in calibrating and validating hydrological models. Ungauged and/or poorly gauged watersheds mainly rely on
regional information transferred from gauged watersheds of similar characteristics (Bárdossy, 2006). Such approaches are doubtful
(Stähli et al., 2011) as they base on models calibrated to a “glittering mathematical optimum that is too often associated with a
hydrological optimum” (Andréassian et al., 2012). Literature indicates that parameter uncertainty (Kuczera and Mroczkowski, 1998),
non-uniqueness of model parameters so-called equifinality (Beven and Freer, 2001) and the parameters dependence on objective
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functions (Madsen, 2003) renders parameters obtained through regionalization less reliable and unrealistic when used beyond the
calibration period. The partitioning of precipitation into the different water balance components is dependent on the soil database
(Livneh et al., 2015; Porporato et al., 2004; Schaake et al., 1996; Yaseef et al., 2010). Soil moisture is one of these components crucial
to accurately quantify streamflow (Koster et al., 2010) along with moisture flux in the land-atmosphere interaction (Seneviratne
et al., 2006). Previous modeling efforts (e.g. Zhang and Montgomery (1994); Molnar and Julien (2000); Chaplot (2005b) and Li et al.
(2012)) indicated that the differences in simulated runoff gradually decreases as the spatial scale of the simulation units increases
whereas Wahren et al. (2016) reported better representation of profile depth can contribute considerably to the understanding of
water balance components at the small scale. A comparison study conducted over two adjacent watersheds in the lake basin under
consideration indicated that the watershed characteristics could be uniquely defined and represented by a hydrologic model due to
the differences in the soils (Worqlul et al., 2018).
Robust data collection and interpolation techniques can be exploited to overcome the spatial and temporal data gaps thereby
avoiding the reliance on regional information transfer. Such techniques are employed to develop global products (e.g. precipitation,
soil moisture, land cover/land use, ET etc.). These products are being extensively used in hydrologic modeling (Alvarez-Garreton
et al., 2014; Li et al., 2015; Martens et al., 2017; Meng et al., 2014; Rajib et al., 2016; Tong et al., 2014; Wang et al., 2016; Yang et al.,
2016). There exists an extensive literature regarding the impact on hydrologic model output accuracy of DEM (Bruneau et al., 1995;
Chaubey et al., 2005; Hessel, 2005; Lin et al., 2010, 2013; Tan et al., 2015), soil (Chaplot, 2005a; Geza and McCray, 2008; Kumar and
Merwade, 2009; Muttiah and Wurbs, 2002; Romanowicz et al., 2005) and land use representation (Romanowicz et al., 2005; Shen
et al., 2013). The Shuttle Radar Topography Mission (SRTM) made available the 30 m resolution DEM in September 2015 globally.
For example, substantial improvement in the definition of drainage networks and stream sinuosity was reported using this DEM for
Australia (Dowling et al., 2011). Similarly, a 250 m soil (Hengl et al., 2015) and 30 m global land cover dataset (Chen et al., 2015)
were released very recently. Folberth et al. (2016) showed that soil-type-related crop yield variability generally outweighs variability
in crop yield due to weather, which is often considered the key factor in determining crop production. Wösten et al. (1999) discussed
that original data used to develop much of the existing 1 km soil data are usually fragmented, do not cover the entire area under
study, show different degrees of detail, have varying reliability, and are held in different institutes scattered throughout the world.
Recently the Africa Soil Information Service (AfSIS) provided 250 m and one-kilometer resolution datasets to the existing soil database.
The AfSIS project compiled the Africa soil profiles legacy database and AfSIS sentinel site database to generate a series of spatial
predictions of soil properties using random forest algorithm. The new database is reported to yield average decreases of 15–75% in
Root Mean Squared Error (RMSE) across soil properties (soil organic carbon, pH, sand, silt, clay, bulk density, Cation Exchange Capacity
etc.) and depths (Hengl et al., 2015). Whether these improvements translate to the improvement in accuracy of hydrologic processes
have never been evaluated. High-resolution soil data provides a higher number of hydrologic units in the watershed discretization
process compared to a coarse resolution data. Despite computational requirement, the challenge in data preparation, model setup,
and calibration (Geza and McCray, 2008), high-resolution soil data can greatly enhance predicting water quantity and quality
(Chaplot, 2005a). This study uses the Soil and Water Assessment Tool (SWAT) hydrologic model (Arnold et al., 2012) built for two
relatively data-rich watersheds (Gilgel Abay and Gumera) in the Blue Nile basin of Ethiopia to evaluate streamflow prediction
accuracy improvement in using the 250 m resolution AfSIS soil data as compared to the previously used global and local soil data. The
SWAT modeled ET are then compared to remote sensing derived ET, to explore the significance of such dataset for examining the
spatial distribution of important water balance components and range in estimates at watershed-scale.
2. Materials and method
2.1. Study area
In April of 2014, a development project called Innovative Laboratory for Small-Scale Irrigation (ILSSI)1 was launched with an aim
to improve the livelihood of smallholder farmers in Ethiopia, Ghana, and Tanzania through use of small-scale irrigation approaches.
One approach to the project involves evaluation of water resources potential for small-scale irrigation using biophysical models.
Identification of the water resources is vital to scale-up small-scale irrigation in these countries. Customarily, regionalization techniques are used to estimate the water resources potential in these regions due to unavailability of streamflow observations (Kim and
Kaluarachchi, 2008; Tekleab et al., 2011; Wale et al., 2009).
The present study was conducted in Lake Tana subbasin (12°00′N, 37°15′E) in Ethiopia. The lake basin has a drainage area of
approximately 16,000 km2 (Fig. 1). Several hydrologic modeling studies were conducted in the Lake Tana subbasin (Alemayehu
et al., 2010; Ayana et al., 2015; Chebud and Melesse, 2009; Dessie et al., 2015; Dile and Srinivasan, 2014; Kebede et al., 2006; Minale
and Rao, 2011; Rientjes et al., 2011; Setegn et al., 2008, 2009; Wale et al., 2009; Worqlul et al., 2015). The Lake Tana subbasin is a
headwater to the Blue Nile basin, where numerous water resources development activities are underway. The Lake Tana region is
dominated by tropical highland monsoon climate while most of the rain (˜70-90%) occurs between June and September (Conway and
Schipper, 2011; Mohamed et al., 2005). The major rivers flowing into the Lake Tana are the Gilgel Abay, the Rib, the Gumera, and the
Megech (Figure). Gilgel Abay has a catchment area of ˜5004 km2 (of which 2025 km2 is gauged) and Gumera has ˜1893 km2 (of which
1595 km2 is gauged). These two watersheds are reported to have a longer period and more accurately recorded streamflow data than
1

http://ilssi.tamu.edu/about/.
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Fig. 1. A 1 km by 1 km SWAT grid discretization over Lake Tana, modeled watersheds, and monitoring stations.

Rib and Megech (Dile and Srinivasan, 2014).
2.2. Data
2.2.1. Spatial data
The spatial data used in setting up the hydrological models are topography, land use, and soil data. In addition, evapotranspiration estimates are also used foe spatial comparison of model ET estimates.
2.2.1.1. Topography. A 250 m SRTM DEM is used to delineate the watershed based on predefined streams and a 1 km by 1 km grid
representing the subbasins. The DEM resolution is considered adequate due to the watershed discretization approach that we applied
as outlined in subsequent sections.
2.2.1.2. Land Use Land Cover. Current land use data obtained from the Ethiopian Ministry of Water, Irrigation and Electricity
(MoWR, 1998) (MoWR, 2009) is enhanced using the crop map from the Spatial Production Allocation Model (SPAM) (IFPRI, 2014).
This is done by extracting the spatially explicit crop information from the SPAM map (e.g. location for corn, sorghum, etc. fields) and
merging it to the non-agricultural land cover from the MoWR (1998).
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2.2.1.3. Soil. The five soil databases are AfSIS 250 m (Hengl et al., 2015), the Digital Soil map of the World (DSMW) (FAO, R., 2000;
IUSS Working Group, W., 2006), the Harmonized World Soil Database (HWSD) (FAO, I., ISRIC, I. et al., 2009), HWSD with data gaps
filled from FAO’s DSMW (hereafter referred to as HWSD3) and the Abay (upper Blue Nile) basin master plan study soil map (MoWR,
1998).
The AfSIS data includes grids of soil properties such as sand, silt and clay fractions, coarse fragments and organic carbon for up to
six soil depth layers (Vågen et al., 2010). Soil information in the AfSIS database are used to generate detailed soil properties using the
Saxton and Rawls (2006) pedo-transfer function. The AfSIS soil database is compiled from the Africa Soil Profiles database and the
AfSIS Sentinel Site database covering a temporal span of 1950–2012. The data is provided at a 250 m and 1 km spatial resolution
(Leenaars et al., 2014). The DSMW soil database is compiled from over 600 national soil maps and over 11,000 ancillary map
(Reynolds et al., 2000; Sombroek, 1990). It includes soil properties such as pH, organic carbon content, water storage capacity and
other derived soil properties and it has base material from FAO/UNESCO Soil Map of the World at an original scale of 1:5 million
provided at a 3′ grid. The HWSD is a 30 arc-second raster database that combines regional and national updates of soil information
worldwide with the information contained within the DSMW. The HWSD data presents standardized soil parameters for top (0 to
30 cm) and deeper soil profiles (30 to 100 cm). The global distribution of the profile for the HWSD data is uneven and there are often
gaps in the measured data. The HWSD3 data is similar to the HWSD data where gaps are filled using the original FAO’s DSMW soil
database.
The soil data in SWAT is used to represent the physical and chemical characteristics of the soil that govern the movement of water.
Physical characteristics include maximum rooting depth, maximum crack volume, bulk density, available water capacity, saturated
hydraulic conductivity, texture (percentage of clay, silt and sand), rock fragment content, and soil albedo and erodibility factor. These
physical properties determines how water cycles within HRUs. Chemical properties help to set initial levels of chemicals in the soil
(Arnold et al., 2011). These properties dictate important water balance processes (e.g. soil water evaporation compensation coefficient (esco), plant uptake compensation factor (epco), groundwater flow into main channel etc.) in the SWAT model (Neitsch et al.,
2011). A summary of soil databased used is provided in the appendix (Table A1).
2.2.1.4. ET. Efforts have been made to produce gridded ET products. Several studies are made to compare and evaluate these
products (Bhattarai et al., 2016; Velpuri et al., 2013). Some of these studies are specific to the region (Alemayehu et al., 2017; Alemu
et al., 2014; Bastiaanssen et al., 2014; Jung et al., 2017). Two evapotranspiration data sets are selected for comparison with the
SWAT-grid simulated evapotranspiration (ET) at spatial scale. MODIS (Moderate Resolution Imaging Spectroradiometer) ET
(MOD16) data is provided by the MODIS Global Evapotranspiration Project (http://www.ntsg.umt.edu/). The 1 km land surface
ET data (designated as MOD16) is generated using Mu et al., (2011b) algorithm using the Penman–Montheith equation (Monteith,
1965). The data for the year 2000–2014 is generated for the Nile Basin Initiative project at 8 days, monthly and annual intervals. The
second data set used in the spatial evaluation of ET is Atmosphere-Land Exchange Inverse (ALEXI). ALEXI uses thermal infrared (TIR)
remote sensing to estimate ET at 5–10 km spatial resolution (Anderson et al., 1997) is available daily since 2002. The data is
aggregated to long term mean monthly ET values. The MOD 16 product is selected due to the grid size similarity to our SWAT-grid
setup and also availability of ET estimate over the lake. The coarser ALEXI ET estimates are selected to explore the comparability of
estimates at aggregated level.
2.2.2. Hydro-meteorological data
Daily rainfall and maximum/minimum temperature observations from nine climatic stations in the Lake Tana basin (Fig. 1) is
provided by the Ethiopian National Meteorological Services Agency for the period of 1990-2015. The SWAT model weather data
generator (Arnold et al., 2012) was prepared using observed weather data at the Bahir Dar meteorological gauging station (Fig. 1) to
complete missing data in the rainfall and maximum/minimum temperature and generate data for relative humidity, solar radiation,
and wind speed. The missing data ranges between 1.6% (in Maksegnit station) to 19.0% (in Addiz Zemen station) (Dile and
Srinivasan, 2014). Streamflow data at the Gilgel Abay and Gumera River gauging stations (Fig. 1) are provided by Ethiopian Ministry
of Water, Irrigation and Electricity for the 1990–2007 time span.
2.3. Hydrologic model
The Soil and Water Assessment Tool (SWAT) model is applied to evaluate the five soil databases based on their streamflow
prediction performance. SWAT is a physically-based model, developed to predict the impact of land-management practices on water,
sediment, and agricultural chemical yields in watersheds with varying soil, land use, and management conditions (Neitsch et al.,
2011). SWAT has been applied to the highlands of Ethiopia and demonstrated satisfactory results (Ayana et al., 2015; Betrie et al.,
2011; Dile et al., 2016; Dile and Srinivasan, 2014; Easton et al., 2010; Setegn et al., 2008, 2009; Setegn et al., 2010).
Customarily SWAT disaggregates a river basin into subbasins and hydrologic response units (HRUs). HRUs are lumped land areas
within the subbasin comprised of unique land cover, soil and management combinations. Such representation neither show the
interaction between the HRUs (Arnold et al., 2010) nor is suitable to overlay model output for comparison with gridded land surface
data products derived from satellite observations. Therefore we applied a grid-based discretization scheme described in Rathjens
et al. (2015). The grid based approach enhances the spatial representation of hydrologic and transport processes (Rathjens and
Oppelt, 2012).
SWAT-grid model is setup for each soil database using predefined 1 km by 1 km grid and applied to a 250 m Shuttle Rader
Topographic Mission (SRTM) Digital Elevation Model (DEM). Use of high resolution SWAT-grid avoids potential loss of spatial
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information and may yield improved simulation results (Rathjens and Oppelt, 2012). In fact the use of smaller sub-watersheds instead
of grid cells may provide similar results, but incorporating raster data (e.g. DEM) into the sub-watershed approach may require data
transformation from a simple grid geometry to a patchy geometry of irregular polygons (Rathjens and Oppelt, 2012). As such a gridbased approach facilitates integrating grid inputs (e.g. DEM) or validation of model simulations using gridded biophysical parameters
(e.g. imagery derived ET, soil moisture, biomass etc.). The 1 km2 predefined watersheds result in large number of subbasins and
hence computationally demanding. A dominant HRU option was chosen in defining the HRUs to increase the computational efficiency including land management practices that improves simulations of biophysical processes. Detailed land management practices
similar to Dile and Srinivasan (2014) was implemented.
2.4. Model evaluation
A SWAT-grid model was simulated from 1998 to 2007, with an eight-year warm-up period to allow all hydrological stocks to
balance from their initial state. The performance of the models was evaluated at two of the gauging stations using Nash-Sutcliffe
Efficiency (NSE) (Nash and Sutcliffe, 1970), Percent bias (PBIAS) and RMSE-observations standard deviation ratio (RSR) (Moriasi
et al., 2007). Exploiting the potential of our SWAT-grid approach to overlay model output for comparison with gridded land surface
data products, we compared the spatial distribution of modeled ET to remote sensing derived ET.
The SWAT-grid model enables the comparison of modeled ET with remote sensing ET. The total monthly simulated ET for the best
performing soil data was compared to the total monthly ET estimate of MOD16 and ALEXI at grid level to assess any spatial similarity
between the estimates. The long term mean model ET and remote sensing based ET were evaluated by calculating a pixel level
coefficient of determination.
3. Results and discussion
3.1. Evaluation of streamflow simulation
Evaluation of the streamflow simulation with different soil types (Fig. 2) suggests that AfSIS soil provided better simulation
(Fig. 2a and Fig. A1 (a & b)). At a monthly time step, AfSIS, HWSD, HWSD3 and MoWR soils provided very good representation of
streamflow simulation for Gilgel Abay watershed based on general performance ratings (Moriasi et al., 2007). For example, the RSR
was between 0.00 and 0.50, NSE was more than 0.75 and PBIAS was < ± 10). Fig. 2 presents the simulated and observed mean
monthly streamflow for the time period from 1998 to 2007. While for Gumera watershed, AfSIS and MoWR soils resulted in very good
representation of streamflow. Simulations with DSMW (Fig. 2b) provided unsatisfactory performance based on NSE and PBIAS
goodness-of-fit criteria for both watersheds (Table A2). Perhaps, the poor simulation performance for the DSMW is related to its
coarser spatial resolution (i.e. 5.5 km). Kumar and Merwade (2009) reported that SWAT underestimates streamflow with coarser
resolution input that could be appropriate for global scale studies (FAO, R., 2000). The MoWR (Fig. 2e) soil data resulted in comparable NSE but higher PBIAS of overestimation compared to simulations with the AfSIS data whereas the HWSD yields lower NSE
and marginally better or comparable PBIAS. The HWSD3 has a lower NSE but PBIAS substantially degraded especially for Gumera
watershed over estimating flow. Table 1A summarizes results of the goodness-of-fit evaluations for simulations with the different
soils.
The simulation of the model (using different soil datasets) was evaluated during the wet (June – September) and dry (October –
May) season (Table A3). The model performance was generally better during the wet season in all the soil datasets, except DSMW soil
database.
Evaluation of the hydrographs suggested that simulations with AfSIS captured the pattern of observed streamflow for the Gilgel
Abay and Gumera watersheds (Fig. 2) the best and DSMW the worst. Generally, most of the simulations showed underestimations of
the observed peak. Simulations with the AfSIS soil resulted in the least error (20%) followed by simulations using the MoWR soil
(22%) for the Gilgel Abay River gauging station. The highest error (68%) of simulating the peak streamflow for the Gilgel Abay River
was found with the DSMW soil. While in the Gumera watershed, generally high error was observed in simulating the peaks. The
HWSD3 soil data had the least error of peak streamflow simulation (46%) and AfSIS and MoWR each had an error of 54%. The high
error in simulating the peak flows in the Gumera River may also be related to flooding problems around the river gauging station
(SMEC, 2007). Based on the goodness-of-fit evaluation guidelines and pattern of the hydrographs, the MoWR soil data provided the
second best simulation after AfSIS (Table A2).
3.2. Water balance estimation
Evaluation of water balance components (Fig. 3) showed DSMW and HWSD soils overestimate ET both in comparison to satellite and
climatological data based point ET estimate at weather station locations. Evapotranspiration estimates by AfSIS, HWSD3 and MoWR are
comparable. The proportion of rainfall converted to surface runoff was comparable in model simulations with AfSIS and MoWR. For
Gilgel Abay watershed, surface runoff to rainfall ratio was respectively 44% and 42% for simulations with AfSIS and MoWR, While for
Gumera watershed the surface runoff to rainfall ratio was 38% and 36% for AfSIS and MoWR soil, respectively. Based on the simulations
using AfSIS and MoWR datasets, a fifth of the streamflow in both watersheds was contributed by groundwater. The DSMW and HWSD3
data estimated a negligible groundwater contribution for both watersheds. The reliability of DSMW is questioned on previous studies in
that the source maps widely varied in reliability, scales, and methodologies (Zöbler, 1986).
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Fig. 2. Comparison of monthly observed and simulated streamflow for Gilgel Abay (a, c, e, g, and i) and Gumera (b, d, f, h, j) watersheds.

The spatial distribution of the soil moisture modeled using AfSIS, HWSD and MoWR soils is presented in Fig. 4. In both wet and
dry seasons AfSIS model soil water estimates were comparably higher. The largest disparity is in mean dry season soil moisture
estimate. AfSIS soil based model resulted in soil water estimate of 200 and 280% of the MoWR and HWSD soil based models,
respectively. Wet season soil moisture from AfSIS soil based model was 68% higher than MoWR soil based model and 225% of that of
HWSD soil based model over croplands. The AfSIS model exhibited less soil water spatial variation with 78% of the cropland having
soil water ranging from 125 to 300 mm. In spatial terms the northern and north western headwaters of the subbasin exhibited lower
soil water for all soil database.
The water balance components for the two watersheds showed considerable difference. Such differences that arise from the soil
representation approaches are generally difficult to balance out (Bossa et al., 2012). Nevertheless, the water balance estimates with
the AFSIS soil simulations were consistent with previous modeling practices. For example, the simulated average annual ET for Gilgel
Abay (Gummera) watershed using the AFSIS soil was 540 mm (557 mm) which is in agreement with the literature (Setegne et al.
(2008) and Dile & Srinivasa (2014)). Setegn et al. (2008) and Dile and Srinivasan (2014) estimated that the average annual ET for
Gumera were 618 mm and 616 mm, and WYLD of 788 mm and 816 mm respectively. Similarly Mamo and Jain (2013) estimated
average annual WYLD of 35.52 m3/sec which is comparable to the 38.38 m3/sec simulated using AfSIS soil data.
3.3. Impact of soil representation on model performance and water balance
The impact of soil spatial extent representation in a hydrologic model is well documented in the literature (Becker and Braun,
1999; Dodd and Lauenroth, 1997; Woods et al., 1997; Yeakley et al., 1998). This is because most of the parameters that dictate the
hydrologic process in SWAT-grid are derived from the soil-water potential and hydraulic conductivity relationships with soil-water
content. Moreover, Texture based pedo-transfer functions (Saxton et al., 1986) used in estimating the soil water characteristics
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Fig. 3. Water balance components estimate for (a) Gilgel Abay and (b) Gumera. ET = evapotranspiration (mm), SURq = surface runoff contribution
to streamflow, GWq = groundwater contribution to streamflow, and LATq = lateral flow contribution to streamflow.

introduces uncertainties. This is because these functions are based on soil properties in the US and have proven difficult to assemble
and apply over a broad range of soil types and moisture regimes (Saxton et al., 1986).These functions are based on soil properties in
the US and have proven difficult to assemble and apply over a broad range of soil types and moisture regimes (Saxton and Rawls,
2006). Thus a certain level of uncertainty associated to these functions could potentially limit the benefits of using AfSIS soil data.
The hydrologic soil group are considerably different among the five soil datasets (Fig. 5and Table A1). The soil hydrologic group D
was found the most dominant in AFSIS (97%), HWSD (79%), HWSD3 (84%), and MoWR (76%) soil datasets. Only the DSMW soil
dataset had a proportional spatial distribution of soil hydrologic group C and D, which was 57% and 43%, respectively. In the other
four soil datasets, the proportion of soil hydrologic group C was less than 20%. The high proportion of soil hydrologic group D in the
AFSIS dataset represents high runoff potential because of very slow infiltration rate when thoroughly wet. The soil hydrologic group
D consist significant amount of clay soils that have a high shrink-swell potential, high water table, a clay layer at or near the surface,
and shallow over nearly impervious material. These soils have a very slow rate of water transmission. This could partly explain the
better agreement in peak flows that the AFSIS soil exhibited compared to the other soil datasets.
AFSIS had 1645 distinct soil types for the study area. In the broad textural classification, the top layer (50 cm) falls in to two
categories, clay and clay loam. However, characteristics pertinent to hydrologic processes (e.g. coarse fragment, bulk density,
available water content, hydraulic conductivity) vary considerably across the six layers which this leads to a varying partitioning
(Fig. 3) of the water balance components (Livneh et al., 2015). The other soil datasets had much lower representation; HWSD,
HWSD3 and MoWR has 789, 26 and 17 distinct soil types, respectively. DSMW, being the coarsest resolution (5.5 km), had only 6
distinct soil types. AFSIS and HWSD soil datasets provided soil characteristics for six layers. The ability of providing data at different
layers makes model calibration robust since it allows modifying model parameters at different depth profile. For example ESCO (soil
evaporation compensation factor) is a sensitive parameter in SWAT which determines the soil evaporative demand. Having several
layers of data will provide the edge to fine-tune this parameter at different layers. Thus soil databases with greater spatial detail may
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Fig. 4. Spatial distribution of simulated soil water content for wet (a, c, &e) and dry (b, d, &f) conditions AFSIS (a & b) HWSD (c & d) and MoWR (e &
f) soil datasets.
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Fig. 5. Radar chart that shows the distribution of the soil hydrologic groups. The solid line represents the soil hydrologic group C and the broken line
represents soil hydrologic group D. The light gray line shows scale at 20% interval. The soil hydrologic group D covered more than 76% of the
proportion for the four datasets (AFSIS, HWSD3, MoWR, and HWSD). DSMW had 57% and 43% proportion for the soil hydrologic group C and D,
respectively.

help to estimate the spatial variation in evapotranspiration across the landscape. Thus soil data bases with greater spatial detail could
help map the spatial variation in evapotranspiration across the landscape.
The AFSIS soil database shows a clay dominated top layer having low hydraulic conductivity. Overall, across the six layers AFSIS
exhibited a comparably higher hydraulic conductivity ranging from 1 to 2.4 mm/hr. The HWSD soil, with rather dominantly clayloam texture, has on average 1–2 mm/hr hydraulic conductivity for its two top layers which is translated into a lower baseflow
contribution (Fig. 3). Much of the water is thus lost in evapotranspiration at a rate comparable to open water evaporation from the
Lake Tana (Kebede et al., 2006).
3.4. Comparison of simulated and remotely sensed ET
The spatial variation of ET estimates from the various sources are shown in Fig. 6. Simulated ET is not often evaluated at
landscape scale due to non-availability of observed actual evapotranspiration data. Most of the available remote sensing ET products
are validated at varying success rates and could not replicate ground based observation to evaluate model simulated ET products.
However, evaluation of MOD16 and ALEXI ET products showed relatively good correlation with ground based measurements (Kim
et al., 2012; Ruhoff et al., 2013; Velpuri et al., 2013) under different field conditions (Di et al., 2015; Mecikalski et al., 1999; Sun
et al., 2007; Tang et al., 2015). Results indicated that for the wet season (June – October) modeled ET showed good agreement
(r2 > 0.5) with MOD16 in about 74 percent of the lake subbasin area (Fig. 5a). During the dry season (November – May) the
correlation is poor over much of the land area (Fig. 5b). Over the lake water surface, the agreement is maximum (r2 > 0.75) with
SWAT-grid and MOD16 estimates of 120 mm and 145 mm for the wet season and 170 mm and 160 mm for the dry period respectively. ALEXI ET estimates are higher (r2 > 0.5) over 60 percent of the lake subbasin area for both the wet and dry seasons (Fig. 5c
and d). The results are consistent with previous study in the wider Blue Nile River basin (Jung et al., 2017).
The poor agreement observed in some portion of the landscape may be related to difference in the source data used in SWAT-grid
ET simulation and generation of MOD16 and ALEXI ET. For example, Yang et al. (2013) argued inconsistency on the use of meteorological and albedo data would result in discrepancy in ET estimation. Similarly there is a large disparity between the land cover
data used for remote sensing based ET estimation and the SWAT-grid model. Majority of the disagreement between SWAT-grid ET
and remote sensing ET occurred on corn, forest, range and pasture land. The land cover used in the remote sensing ET classify much
of the area as savannas and woody savanna. SWAT-grid ET over Lake Tana showed very good agreement with MOD16 ET for the dry
season and a modest agreement in the wet season. Perhaps, the good agreement over the Lake is related to absence of cloud cover
over the Lake during the dry season. MOD16 ET estimates are derived using cloud free pixels, meaning cloudy pixels are temporally
filled (Mu et al., 2011a). Moreover, accurate land cover representation over the lake contributed for the agreement. Since ALEXIS has
no ET estimate over the lake, comparison was not made with the SWAT-grid ET (Fig. 7).
The SWAT ET estimate is based on the Penman-Monteith equation and hence its accuracy is dependent on the areal representativeness of the climatological data provided to the model. Similarly the MOD16 is derived from an array of remotely sensed
data (e.g. land cover type, Leaf Area Index, and albedo) and non-satellite data (e.g. NASA’s MERRA daily meteorological reanalysis
data) which are subject to uncertainties in their production. Under such circumstances, a direct value comparison (using for example
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Fig. 6. Spatial distribution of ET (in mm) estimates compared over the Lake Tana basin.
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Fig. 7. Coefficient of determination (R2) between SWAT simulated ET and MOD16ET (a and b) and ALEXI (c and d). (a and c) represent R2 for the
wet season while (b and d) for dry season.

a scatter plot, mean, range etc.) and summary statistics are preferred methods to test whether the MOD16 ET estimate shows similar
characteristics as a whole to the set of simulated SWAT-grid ET (Bennett et al., 2013). Fig. 8 presents a value comparison on the mean
monthly ET values using scatterplots. On individual monthly mean value basis, MOD 16 underestimates ET in the wet season (MayOct) and over estimates ET in the dry season. Nevertheless, the seasonal variation of ET is consistent for both MOD 16 and SWAT-grid
on both watersheds. MOD16 consistently over estimate ET with characteristically larger difference in the dry season (mainly on
November and December) for both watersheds. Annual average ETs shows good agreement for Gumera watershed (44.8 mm for
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Fig. 8. Comparison of mean monthly ET simulated by SWAT-grid and estimated from MOD16 for Gilgel Abay and Gumera watersheds.

SWAT-grid versus 44.1 mm for MOD16) and a modest discrepancy for Gilgel Abay (45.3 mm for SWAT-grid and 54.4 mm for
MOD16).
4. Conclusion
This study used five soil data sets to explore whether the newly released AfSIS soil data provides a better representation of
hydrological processes in comparison to previously released global local datasets. Results suggest that five of the soil datasets exhibit
a varying level of performance in simulating the streamflow. The AfSIS 250 m soil data is much superior to the FAO’s digital soil map
of the world. The best NSE was found with simulations using the AFSIS soil. Nevertheless, the improvements in streamflow simulation
achieved using the most detailed AfSIS soil are only marginal. The NSE improvement was just 1% whereas the PBIAS has improved by
about 21% in comparison to a model built using the MoWR soil data. The hydrological response of SWAT-grid for calculated soil
parameters is reported to be significant (Romanowicz et al., 2005). The simulations with AfSIS soil dataset was comparable to the
MoWR soil dataset archived for the Upper Blue Nile basin water resources master plan (MoWR, 1998). The ET and groundwater
contribution to streamflow (GWq) simulated with the two datasets were similar. The two datasets also simulated higher ET for
Gumera watershed than Gilgel Abay watershed and vice versa for groundwater contribution to streamflow (GWq). The Gilgel Abay
River generally has a sustained baseflow, which supports the finding from this study. The AFSIS soil database improves previously
available global soil datasets and thereby enhances hydrologic modeling robustness to an extent that excels currently available soil
dataset prepared for river basin studies. This suggests that when detailed local soil dataset is not available, the AFSIS soil dataset
could be used to simulate hydrological variables with reasonable accuracy (Chaplot, 2005a).
Simulations with AfSIS data provided minor error in estimating the peak streamflow. Evaluation of the model performance during
the wet season and dry season suggested that streamflow estimations were better during the wet season in most of the soils. Since
most of streamflow generated during the wet season, use of AfSIS soil may warrant better estimation of the streamflow for various
uses (e.g. irrigation). Moreover, since the AfSIS soil has 250 m resolution and provides soil physical and chemical properties data for
up to six layers, it will be a valuable resource for simulating biophysical processes that require detailed soil information (e.g. crop
growth).
Since simulations with AfSIS soil data replicated observed streamflows better, remotely sensed MOD16 ET and ALEXI ET were
used to explore if the spatial variation of evapotranspiration process were identical. Although there were differences in the assumptions of the input data for modeled ET and remotely sensed ET estimations, satisfactory agreement were found in most of the
area between SWAT-grid simulated ET and MOD16 ET during the wet seasons. While over the Lake Tana, strong agreement was
observed during the dry season. This is because of the presence of clear sky during the dry season, which affects accuracy of remotely
sensed data. MOD16 ET was better than ALEXI ET in replicating SWAT simulated ET. This study concluded that AfSIS and while
MOD16 are of high resolution and more comparable to SWAT-grid estimates, ALEXI ET are seasonally more consistent and comparable to SWAT estimates over wide land cover types. Rigorous evaluation of the dataset in varying landscapes and geographic
regions is recommended before specific application.
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Appendix A
See

Fig. A1. Simulated – Observed flow comparison for AfSIS (a & b), HWSD (c & d), HWSD3 (e & f) and MoWR (g & h) soils.
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Table A2
Model comparisons on soil basis.
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Table A3
Seasonal model comparison.
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