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Abstract 8 

Development of robust hydrologic-hydrodynamic simulation models is challenging, especially in regions, where 9 

in-situ observation data are scarce. Parameter calibration is often a necessary and data-demanding step. 10 

Moreover, good calibration performance does not guarantee predictive skill in neighboring geographic regions 11 

or new time periods and scenarios. A robust calibration strategy is necessary and must apply an informed 12 

parameter regionalization approach, which can transfer parameter values from gauged to ungauged 13 

subcatchments, whilst accounting for data availability and quality. In this study, a calibration strategy 14 

combining a parameter transfer framework based on catchment similarities with a holistic calibration against 15 

hydrological signatures is presented to obtain reliable simulations at all relevant locations within a catchment. 16 

The approach is demonstrated for three African river catchments: the Tana, the Upper Niger and the Semliki 17 

catchments. 18 

A rainfall-runoff model based on Budyko’s concept of limits with up to 11 calibration parameters and a daily 19 

simulation time step is used, coupled with a Muskingum routing scheme. Each river catchment is subdivided 20 
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into so-called hydrological response units (HRU) based on climatic and physiographic characteristics. Multi-21 

mission satellite remote sensing observations are used for the HRU classification: terrain slope derived from 22 

the Shuttle Radar Topography Mission (SRTM) Digital Elevation Model (DEM) and the publicly available 23 

European Space Agency (ESA) Climate Change Initiative (CCI) land cover map. Subcatchments within each HRU 24 

share the same parameters. The number of units is constrained by the number of in-situ stations available. The 25 

calibration strategy is a catchment-scale, multi-objective approach. 26 

The method improved the overall model performance compared to a simpler, nearest-neighbor regionalization 27 

method. In particular, spatial patterns of the hydrological response are more reasonable and performance is 28 

improved at validation stations, highlighting the importance of appropriate parameter regionalization within 29 

nested catchments. With this method, a wider range of currently available remote sensing data (elevation, 30 

precipitation, land cover, etc.) can be exploited in hydrological model development and calibration.  31 

Keywords: parameter regionalization; rainfall-runoff model; ungauged river; calibration; remote sensing 32 

1. Introduction  33 

Hydrological models are important tools in water resource management and in hydrological research. In order 34 

to produce reliable simulations, they require continuous forcing data and appropriate parameterization. The 35 

former can be obtained from in-situ observations or increasingly from remote sensing estimates (e.g. Awange 36 

et al., 2014; Bauer-Gottwein et al., 2015; Stisen et al., 2008), whilst the latter is related to catchment 37 

characteristics but often requires some calibration efforts (Hughes, 2013; Madsen, 2000; Zhang et al., 2016). 38 

Parameter calibration is data demanding, especially in heterogeneous catchments, to ensure 39 

representativeness of the observed discharge in the catchment (Beven, 2012).  40 
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Catchment-scale models often cover river networks consisting of several tributaries draining highly diverse 41 

subcatchments. In these nested catchments, the parameter space is often impractically large. To overcome 42 

this, a single parameter set can be used for the entire catchment (e.g. Getirana, 2010) or parameters can be 43 

lumped according to gauging stations (Bauer-Gottwein et al., 2015; Hughes et al., 2006). While lumping the 44 

parameters assumes that a single set of parameters can describe the catchment or subcatchment scale 45 

processes, increasing the parameter space increases the need for observations. This poses a challenge in terms 46 

of producing useful simulations even in poorly gauged subcatchments, while resolving catchment 47 

heterogeneity.  48 

Parameter regionalization methods transfer calibration information from gauged to ungauged catchments. For 49 

reviews on commonly used regionalization approaches see e.g. Hrachowitz et al. (2013), Parajka et al. (2013) or 50 

Razavi & Coulibaly (2012). Parajka et al. (2013) reviewed 34 studies on predictions in ungauged catchments 51 

covering highly diverse study areas climatically and geographically. They found variability in performance was 52 

larger between studies using similar strategies than between strategies. However, there was no strong 53 

correlation between model performance and model complexity, i.e. the number of parameters that were 54 

regionalized (Parajka et al., 2013), although there was a bias towards spatial proximity in studies using complex 55 

models (more than nine transferred parameters). Uncertainties in parameter estimation and model structure 56 

inevitably impact runoff predictions and thus the comparison of different regionalization methods (Razavi and 57 

Coulibaly, 2013).   58 

In most cases, the best-performing regionalization strategies were the spatial proximity and physical similarity 59 

methods, although the spatial proximity method outperformed the similarity approach for very dense stream 60 

gauge networks (Parajka et al., 2013), e.g. densities above 60 gauging stations per 100,000 km2 (Oudin et al., 61 

2008). There are several examples of successfully using catchment similarities to calibrate catchments at global 62 

and regional scales. For instance, in Garambois et al., (2015) performance only decreased by around 10% 63 
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across several evaluation criteria. Beck et al. (2016) tested the performance of the “Hydrologiska Byråns 64 

Vattenbalansavdelning” (HBV) model in 1,787 diverse catchments, and improved model performance by half, 65 

even for catchments distant from their respective parameter donors.  66 

An alternative approach to model parameter regionalization is the regionalization of hydrological response 67 

signatures. Hydrological signatures reflect the functional behavior of a catchment, which the model must be 68 

able to reproduce (Shafii and Tolson, 2015), e.g. flow duration curve (Westerberg et al., 2011) or catchment 69 

elasticity (Visessri and McIntyre, 2016). They are a common tool in predicting catchment response in ungauged 70 

basins based on similarities between catchments (Blöschl, 2013). Using catchment and/or climate similarities, 71 

the signatures can be regionalized to ungauged basins and used to constrain model outputs (Ndzabandzaba 72 

and Hughes, 2017; Westerberg et al., 2014). While this approach has the advantage of being model 73 

independent, it still relies on sufficient quantity and quality of in-situ observations as high degrees of 74 

uncertainty may obscure regional signature patterns (Westerberg and McMillan, 2015). 75 

Ali et al. (2012) classified 36 Scottish sites based on combinations of catchment characteristics. They found very 76 

limited correlation between flow regime properties and physical similarity. Depending on the runoff and 77 

streamflow generation pathways, different combinations of metrics were most representative. However, 78 

catchment characterization is subject to data availability constraints, regardless of the regionalization 79 

approach. As regionalization is inherently linked to catchment properties as well, it is challenging to define a 80 

universal approach (Parajka et al., 2013; Razavi and Coulibaly, 2013). Many remote sensing observations of 81 

catchment attributes are global and publicly available, creating a common and basin-independent basis for 82 

characterization. Furthermore, a robust regionalization strategy based on catchment similarities may help 83 

bridge the knowledge gap between gauged and ungauged catchments.  84 
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In this study, we propose a catchment-scale parameter regionalization and calibration approach based on 85 

physical similarity using publicly available and global remote sensing data sets to force the model and inform 86 

the regionalization. This study aims to: 87 

1. Evaluate how informing the calibration process with publicly available and global remote sensing 88 

products may improve parameter estimation at the catchment level 89 

2. Explore the use of hydrological signatures in a holistic calibration framework to fully exploit data 90 

records in poorly gauged nested catchments 91 

We assess whether the method can be used to produce temporally and spatially representative simulations of 92 

discharge at catchment level. We use a simple model structure to simulate the hydrological regime in 93 

coherence with the data availability and uncertainty in data-scarce and fragile regions covering various 94 

geographical, physiographic, and climatic regions in Africa. Three river catchments are selected as study areas 95 

in order to evaluate the method within its application range. By applying the method to different catchments, 96 

we can assess the efficiency of the method to produce reliable simulations independently of the study area. In 97 

all three catchments, we evaluate whether the hypothesis of hydrometeorological stationarity is reasonable at 98 

the scale necessary for the calibration. 99 

2. Materials and Methods  100 

2.1. Study areas 101 

The study areas for this project are shown in Figure 1. 102 
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 103 

Figure 1 Location map of the three study areas and their respective subcatchment delineation and in-situ gauging stations. See Appendix 104 
A for larger versions of the individual catchment maps. 105 

The three catchments are situated in various climate zones, covering nine Köppen-Geiger zones (Kottek et al., 106 

2006). The Semliki and Tana both cover mountain ranges, and the Semliki has the added feature of containing 107 

three lakes within its drainage network. Furthermore, the catchments vary both in size and subcatchment 108 
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resolution (Table 1). Subcatchments are defined from the river delineation and according to points of interest. 109 

We simulate runoff in 118 subcatchments across the three catchments.  110 

Table 1 Key characteristics of the three study areas (Aw: Equatorial, dry winter; Am: Equatorial, monsoonal; Af: Equatorial, fully humid; 111 
As: Equatorial, summer dry; BSh: arid, steppe, hot arid; BWh: arid, desert, hot arid; Cfb: Warm temperate, fully humid, warm summer; 112 
Csb: Warm temperate, summer dry, warm summer; Cwb: Warm temperate, winter dry, warm summer). 113 

 Elevation 
and slope 

Köppen-Geiger climate zones 
(Kottek et al., 2006) 

Rainfall Subcatchment sizes 

Tana 50-5.000 
mamsl 

 Upstream, high elevation: Cwb, 
Cfb and Csb – some As East 
then Aw 

 Middle Tana: Bsh and Bwh 

 Delta: As 
 

 Monsoonal, bimodal flood season: 
March-May (long rains) and October-
December (short rains) 

 200 – 3,000 mm year 

 Catchment size: 
36,990 km2 

 Average (range): 9,569 
km2 (13 – 23,216 km2) 

 Total: 29 catchments 

Upper 
Niger 

150-1,000 
mamsl 
 
 

 Climatic transition zone:  
 South: Aw  

 North: BSh 

 Unimodal, peak in August, Northeast-
southwest gradient  

 High flow season duration: 3-8 
months 

 500-2,100 mm  

 Catchment size: 
275,390 km2 

 Average (range): 7,650 
km2 (75 – 31,090 km2) 

 Total: 36 catchments 

Semliki 615-5,100 
mamsl 

 Predominantly Equatorial: Aw, 
Am and Af 

 South and Rwenzori range: Cfb  

 Bimodal: March-May (long rains) and 
October-December (short rains) 

 1,125 mm  

 Catchment size: 
50,506 km2 

 Average (range): 953 
km2 (10 – 6,563 km2) 

 Total: 53 catchments 

The Tana springs from Mount Kenya and the Aberdare Range, two of Kenya’s “water towers” (Baker et al., 114 

2015) and flows into the Tana River Delta, one of the most important estuarine and deltaic ecosystems in 115 

Eastern Africa. The river is a key water and energy source for Kenya as one of only two perennial rivers in 116 

eastern Kenya, and the government of Kenya has initiated several significant water resources development 117 

projects in the catchment. Crop cultivation strongly depends on irrigation as 75% of the catchment is classified 118 

as arid or semi-arid. Hydrological modelling studies of the catchment are limited. Previous studies include an 119 

assessment of climate impact for the catchment (Nakaegawa and Wachana, 2012), characterization of flood 120 

dynamics in the Tana delta based on a model of the lower catchment and remote sensing (Leauthaud et al., 121 

2013) and water resources assessment of the Upper Tana catchment (Hunink et al., 2012).  122 

The Upper Niger originates at 1,000 mamsl in the Guinea Highlands, and flows into the Inner Niger Delta after 123 

the confluence with the Bani. It is part of the Niger catchment, home to over 100 million people in its ten 124 
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riparian countries and the largest river in West Africa. Evapotranspiration in the flood plains and seepage 125 

considerably reduce flow magnitudes in the Inner Niger Delta (Mahé et al., 2009). Furthermore, the Niger flow 126 

regime is highly variable with significant differences between dry and wet years (Liersch et al., 2019). Irrigation 127 

demand can reach one third of the annual discharge in the catchment, jeopardizing existing and planned dam 128 

projects and greatly affecting the inundation patterns of the Inner Niger Delta (Liersch et al., 2019). The Upper 129 

Niger has been the subject of several hydrologic and hydrodynamic studies at catchment and subcatchment 130 

scale (e.g. Angelina et al., 2015; Dezetter et al., 2008; Fleischmann et al., 2018; Huang et al., 2017; Oyerinde 131 

and Diekkrüger, 2017; Thompson et al., 2017; Zwarts et al., 2006). Currently, management plans strongly rely 132 

on flow-altering infrastructure. Well-informed changes in management strategies in the basin will be crucial in 133 

light of current and future hydrological changes (Liersch et al., 2019). 134 

The Semliki catchment is a tributary to the Nile system, the world’s longest river. Headwater tributaries take 135 

their source in the Rwenzori Mountains and in Western Uganda, flowing through Lake George and Lake Edward 136 

into the Semliki River, before reaching Lake Albert. The contribution from Lake Albert and the Semliki 137 

catchment to the Nile represents 25 billion m3 annually, however, a high fraction is lost over the Sudd wetland 138 

in Sudan, halving the contribution to the White Nile (Bastawesy et al., 2013; van Griensven et al., 2012). 139 

Although the relative contribution of the Semliki to the Nile is limited, the catchment is important as it is home 140 

to several wetlands of international importance and may represent interesting opportunities in terms of water 141 

storage to meet future water demand (Bastawesy et al., 2013). Although the Nile catchment has been widely 142 

studied (van Griensven et al., 2012), the Semliki catchment is mostly included in a lumped form representing 143 

the outflow of Lake Albert - if at all (Bastawesy et al., 2013; Booij et al., 2011; Conway & Hulme, 1993). Booij et 144 

al., (2011) suggested that improved representation of the subcatchments upstream of Lake Albert, might 145 

improve simulations of the Nile basin. However, catchment specific modelling studies are limited (Kileshye 146 

Onema et al., 2012; Kingston and Taylor, 2010; Mileham et al., 2009; Onema and Taigbenu, 2011) strongly 147 
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emphasizing the need for reliable hydro-meteorological data, which is highly limited in part due to political 148 

instabilities in the region.  149 

2.2. Data and methods 150 

2.2.1. Forcing data  151 

The rainfall-runoff models are forced with daily precipitation and temperature. We use the ERA-Interim 152 

reanalysis air temperature dataset from the European Centre for Medium-Range Weather Forecasts (ECMWF) 153 

at 0.75° degrees resolution, accessible from 1979 to present with two months’ lag time at a 6-hour temporal 154 

resolution and 0.75° spatial resolution. We select two widely-used rainfall products with documented good 155 

performance over the African continent (Awange et al., 2016; Stisen and Sandholt, 2010; Thiemig et al., 2013). 156 

The Tropical Rainfall Measuring Mission daily reanalysis product (TRMM 3B42 v.7) is available since 1998 with 157 

two months’ latency at a 3-hour temporal resolution and 0.25° spatial resolution, and the Famine Early 158 

Warning Systems rainfall estimate (FEWS-RFE) is available since 2001 with a few days’ latency at a 3-hour 159 

temporal resolution and 0.1° spatial resolution. Both products are re-analysis products informed with data 160 

from in-situ gauging stations. Because no in-situ precipitation data are publicly available in these regions, 161 

quantitative evaluation of the precipitation products over the study areas was not possible. Instead, we select 162 

two different products to illustrate the effect of the choice of forcing data on model and calibration 163 

performance. The simulation period is the overlapping period between the three products: 2001-2018. The 164 

climate data are aggregated to daily observations for each subcatchment of the rainfall-runoff models using 165 

zonal statistics.  166 
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2.2.2. In-situ gauging stations 167 

Table 2, Table 3, and Table 4 summarize hydrological characteristics at the in-situ gauging stations and within 168 

their respective subcatchments. Runoff coefficients are specific to the remote sensing precipitation product 169 

and calculated using the overlapping period between observations and simulations at each station.  170 

Tana 171 

The Water Resources Management Authority (WRMA) under the Government in Kenya kindly provided in-situ 172 

observations in the Tana at 10 operational Catchment Management Strategy (CMS) stations within the 173 

modelled catchment. FEWS-RFE underestimates precipitation in the upstream catchment as revealed by the 174 

runoff coefficients at Thiba 1 and Mutonga, which both exceed 100% (Table 2). Hunink et al. (2012) reported a 175 

similar issue and attributed it to the failure of FEWS-RFE to capture short and intense rainfall events. 176 

Furthermore, TRMM consistently exceeds FEWS-RFE by 13 to 33% per year over the simulation period. 177 

However, the magnitude of the difference between the precipitation products is inconsistent across the 178 

catchment (Appendix B, Figure B. 1). Although there is a clear deficit in some subcatchments, introducing a 179 

correction factor to streamline the two products would inevitably introduce further unquantifiable uncertainty. 180 

Flow volume is reduced by 43% within the semi-arid stretch between Garissa and Garsen for the post-2001 181 

period. 182 

Table 2 Climatic and hydrologic characteristics of the Tana catchment (F: FEWS-RFE and T: TRMM). Inconsistent values are highlighted in 183 
red.  184 

 Start – 

End 

Operational 
(%) 

Cumulated 
area (km2) 

Annual 
precipitation 

(mm) 

Mean annual discharge (m3/s) 

 

Runoff 
coefficients 

(%) 

Station   Total After 
2001 

 T F All Pre  
1970 

1970-
2001 

After 
2001 

T F 

Sagana 1949-2013 85 52 1,527 1,081 636 5 6 5 3 5 8.3 

Gura 1951-2014 93 60 2,141 1,066 646 12 12 12 11 14.9 25.2 
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Tana 
sagana 

1948-2010 83 36 2,443 1,056 658 27 29 29 12 15.5 24.6 

Thika 1 1945-2011 91 42 953 947 614 5 6 5 3 9.8 15.6 

Thika 2 1982-2013 51 26 1,382 931 599 7 
 

7 8 21.4 33.7 

Thiba 1 1967-2013 76 34 288 1,134 685 7 12 7 8 72.2 121.6 

Thiba 2 1966-2013 53 18 1,413 1,101 680 22 28 22 19 36.1 68.2 

Mutonga 1966-2006 81 6 1,450 1,051 848 34 41 33 20 64.8 100.6 

Garissa 1941-2013 94 61 33,386 740 570 165 163 161 180 22.2 30 

Garsen 1950-2014 48 19 84,940 594 468 167 146 199 103 5.7 7.3 

Upper Niger 185 

In-situ discharge observations in the Upper Niger were obtained from the Global Runoff Data Center (GRDC). 186 

The Niger Basin Authority (NBA) kindly completed records at the Nantaka, Douna, Ke-Macina, and Koulikouro 187 

stations. The downstream losses over the Inner Niger Delta are apparent in the discharge records: the sum of 188 

upstream discharge exceeds the recorded discharge at model outlet Nantaka by 15% in total. Discharge 189 

appears to have partially recovered again post-2000 after the 1970 drought reported in the literature (Louvet 190 

et al., 2011; Mahé et al., 2011; Thompson et al., 2017); however, the values are still below the pre-1970 mean, 191 

as expected (Wendling et al., 2019).  192 

The model does not include the Talo dam upstream of Douna; however, the dam has had significant impact on 193 

the downstream flow at Douna and Nantaka (Appendix C, Figure C.1 and Tables C.1 and C.2). We therefore 194 

leave out observations from after the dam construction in 2006 at all stations downstream of the dam, 195 

retaining records from 1970 to 2005. 196 

Table 3 Climatic and hydrologic characteristics of the Niger (N) and Bani (B) catchments for both forcing datasets (F: FEWS-RFE and T: 197 
TRMM). Values from Dezetter et al. (2007) are reported in the “D” column. 198 

 Start – 

End 

Operational (%) Cumulated 
area (km2) 

Annual precipitation 
(mm) 

Runoff coefficients in 
bold (%) 

 Mean annual discharge (m3/s) 
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Station   

 

All After 

2001 

 T F D All Pre 
1970 

1970-
2001 

After 
2001 

Nantaka/ 
Mopti (N) 

1922-2017 75 74 275,389 1,103 

9.3 

961 

10.7 

1,069 1,071 1,432 765 883 

Douna (B) 1922-2017 76 83 102,590 1,061 

14.4 

995 

15.8 

1,029 

6.2 

355 760 249 498 

Tilembaya (N) 1922-1992 46 
 

133,180 1,246 994  920 965 466 
 

Sofara (B) 1952-1992 74 
 

126,908 1,008 

 

959  382 534 202 
 

Ke-Macina 1980-2017 95 82 132,667 1,249 

17.6 

995 

22.9 

1,205 

13.1 

867 1476 808 947 

Beneny-
Kegny (B) 

1951-1992 54 
 

113,322 1,038 982  554 672 313 
 

Kouroussa (N) 1923-2002 56 7 16,654 1,407 1,000 1,666 

18.2 

234 320 175  

Faranah (N) 1955-2001 76 2 3,196 1,628 1,120 1,890 

31.7 

67 85 61  

Kirango Aval 
(N) 

1925-2001 65 1 130,834 1,258 1,000  1,380 1,686 960  

Koulikouro 
(N) 

1980-2017 96 86 117,953 1,310 

22.0 

1,021 

29.4 

 1,005 
 

941 1,088 

Goula (N) 1954-1990 46 
 

33,054 1,320 1,077  402 481 297 
 

Banankoro 
(N) 

1967-2001 76 2 70,791 1,366 1,017 1,522 

20.4 

869 1,703 811  

Selingue (N) 1964-1992 62 
 

31,417 1,336 1,085  335 425 296 
 

Dioila (B) 1953-1992 68 
 

31,567 1095 988 1,093 

7.7 

185 255 103 
 

Bougouni (B) 1956-1992 69 
 

14,902 1,221 1,042 1,225 

12.5 

106 146 73 
 

Ouaran 1954-1978 82 
 

16,389 1,209 930 1,309 

12.8 

193 234 134 
 

Pankourou 
(B) 

1956-1992 68 
 

31,090 1,164 1,047  204 294 116 
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Tiguibery (N)  1952-1979 88 
 

48,054 1,454 1,067  1,166 1,340 906 
 

Guelelinkoro 
(N) 

1971-1979 93 
 

23,627 1,399 1,127  270 
 

270 
 

Baro (N) 1947-1979 82 
 

12,802 1,584 1,163  256 270 217 
 

Mandiana (N) 1954-1978 78 
 

21,953 1,415 1,142 1,498 

19.4 

288 313 243 
 

Molokoro (N) 1952-1954 63 
 

12,269 1,599 1,174  294 294 
  

Kankan (N) 1938-2001 81 1 9,479 1,580 1,222 1,729 

27.4 

185 214 163 
 

Semliki 199 

The Directorate of Water Resources Management in Uganda (DWRM) kindly provided time series of lake water 200 

levels and of discharge and water level at 11 stations throughout the Semliki catchment. Taylor, (2004) found 201 

uncertainties and rating curve inconsistencies in the discharge records at stations in the Rwenzori, including 202 

Mobuku, Rwimi, and Rukoki. We therefore do not use these stations in our work. The Semliki station is located 203 

on the Semliki River, between Lake Edward and Lake Albert. We note that the average flow at the station has 204 

decreased by two thirds between the two gauging periods 1950s-1970s and 2006-2011.  205 

Table 4 Climatic and hydrologic characteristics of the Semliki catchment. (F: FEWS-RFE and T: TRMM). 206 

 Start – 

End 

Operational 
(%) 

Cumulated 
area (km2) 

Annual 
precipitation 

(mm) 

Mean annual discharge 

(m3/s) 

Runoff 
coefficients 

(%) 

Station    Total 
After 
2001 

 T F All 
Pre 

1970 
1970-
2001 

After 
2001 

T F 

Ntungwe 1958-1985 87  2,814 1,047 1,030 25 22 28    

Mitano 1958-2017 95 81 2,135 1,045 1,007 15 13 16 15 21.2 22.6 

Mpanga 1966-2012 56 56 5,219 1,089 1,047 14 11 16 13 6.8 7.8 

Semliki 1950-2011 54 26 6,563 1,101 1,269 141 150 179 45 17.5 18.6 

Nkusi 1956-2017 69 81 1,483 1,215 1,258 6 4 4 9 16.4 16.3 

Wambabya 1969-1997 40  795 1,107 1,195 4 4 4    

Nyamugasani 1954-2006 60 62 495 906 1,022 7 9 7 6 37.1 37.2 

Mobuku 1954-1971 92  257 1,075 1,124 13 13     
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Rwimi 1952-1983 92  266 1,100 1,127 6 6 5    

Rukoki 1954-1984 93  190 1,018 1,038 3 2 5    

Chambura 1954-2017 72 80 643 1,144 1,118 8 8 8 9 36.7 38.6 

Hydrological signatures 207 

Previous studies have demonstrated that discharge climatology in the study regions is dynamic (e.g. Descroix et 208 

al., 2018; Langat et al., 2019; Louvet et al., 2011; G. Mahé et al., 2013; Wendling et al., 2019). In order to assess 209 

the potential impact of using different simulation and observation periods, we evaluate hydrological signatures 210 

(coefficients of variation and flow duration curve) at stations where observations are available from 1970-2001 211 

and 2001-present (Table 5). In the Tana hydrological signatures, most inconsistencies were due to records from 212 

the 1980s. The signatures are consistent when setting the observation period to 1990-present, except for Thika 213 

1, which we leave out. In the Upper Niger basin, there is good coherence between the two periods, particularly 214 

when considering the FDC. Flow is generally larger in the recent years of record (e.g. Q70 at Koulikouro is 20% 215 

larger), as expected. In the Semliki, Mitano is the only station with data from 1980-2001. The hydrological 216 

signatures are coherent between the two periods at Mitano; thus, using the full record for calibration should 217 

not introduce obvious bias.  218 

In order to avoid bias in the calibration due to changing flow climatology between the observation period and 219 

the simulation period, we do not use observations prior to 1980 in the calibration (1970 in the Upper Niger due 220 

to larger data limitations) and prioritize stations with records into the 21st Century. 221 

Table 5 Hydrological signatures at stations in the three study areas for the period of observation (O) and the period of simulation (S). RFDC 222 
is calculated as in Westerberg et al., (2011) allowing a 30% tolerance to reflect the inter-annual variance – higher scores indicate higher 223 
similarity. All FDC slopes are negative as flow increases for decreasing probability of exceedance. 224 

 Coefficients of variation of annual flow (%) Annual FDC (-) 

Station  Mean Minimum Maximum Slope RFDC 

 O S O S O S O S  



15 
 

 Tana 
 

Sagana 41 23 52 22 105 87 -0.015 -0.015 0.75 

Gura 34 27 66 75 37 35 -0.012 -0.012 0.91 

Tana sagana 52 56 119 58 62 62 -0.016 -0.025 0.13 

Thika 1 54 36 130 141 40 37 -0.013 -0.017 -0.34 

Thika 2 41 40 112 19 20 12 -0.017 -0.019 0.42 

Thiba 1 36 20 91 15 89 17 -0.015 -0.016 0.04 

Thiba 2 18 18 100 100 6 6 -0.012 -0.012 1.00 

Garissa 33 23 43 30 32 24 -0.009 -0.009 0.88 

Garsen 40 25 52 26 21 22 -0.010 -0.013 0.50 

 Upper Niger 
 

Nantaka/Mopti (N) 24 17 65 40 20 17 -0.018 -0.017 0.66 

Douna (B) 60 45 321 200 41 47 -0.020 -0.015 0.27 

Ke-Macina (N) 20 15 60 40 22 19 -0.021 -0.020 0.72 

Koulikouro (N) 21 15 33 22 23 23 -0.021 -0.021 0.73 

 Semliki 
 

Mitano   32 30 58 37 23 19 -0.013 -0.013 0.85 

 225 

2.3. Watershed delineation and channel geometry 226 

The watersheds are delineated using the SRTM (Shuttle Radar Topography Mission) DEM (Digital Elevation 227 

Model) and the Terrain Analysis Using Digital Elevation Models v. 5 (TauDEM) (Tarboton, 2015). TauDEM 228 

extracts the slope and flow directions to derive the drainage network and subcatchments. Additional 229 

subcatchments can be defined by creating outlets at points of interest (e.g. in-situ gauging stations, planned 230 
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dam construction sites or at the inlet to important wetlands). To ensure stability of the routing model, each 231 

reach is further subdivided into segments of 5-25 km.  232 

The channel cross-sections are approximated by a trapezoidal cross-section with a 1:2 run to rise ratio. River 233 

top widths, w, are estimated based on catchment size, A, using Eq. 1 from Bieger et al., (2015). 234 

𝑤 = 2.7 ∗ 𝐴0.352 (1) 235 

The widths are evaluated against cross-section widths from satellite imagery (Google Earth) and corrected 236 

when necessary. Depths, d, are estimated combining the global width-discharge and discharge-depth 237 

relationships from Andreadis et al. (2013) into Eq. 2. 238 

𝑑 = 0.0826 ∗ 𝑤0.6 (2) 239 

2.4. Hydrological model 240 

The rainfall-runoff model is based on the work of Zhang et al. (2008) and Kittel et al., (2018). In the Budyko 241 

framework, water availability (approximated by precipitation), and atmospheric demand (approximated by 242 

potential evapotranspiration derived from the daily minimum and maximum temperature using Hargreaves 243 

equation) control the equilibrium water balance. Zhang et al. (2008) extended this concept to the catchment-244 

scale and a daily timescale and used the Budyko limits concept to partition precipitation into direct runoff and 245 

catchment retention; catchment retention and soil storage into groundwater recharge; and finally soil water 246 

availability into actual evapotranspiration and updated soil storage. Total groundwater recharge is partitioned 247 

between two aquifer storages with varying retention coefficients. The model is coupled to a cascade of linear 248 

reservoirs simulating tributary processes capable of delaying runoff from reaching the main channel in natural 249 

systems (e.g. transmission losses and return flow, bank storage, overland flow etc.). Finally, baseflow from the 250 

deep aquifer and runoff from the Nash cascade are routed through the main river channel using a Muskingum 251 

routing model (Figure 2). For further details, readers are referred to Kittel et al., (2018) and Zhang et al., (2008). 252 
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 253 

Figure 2 Model setup and workflow: The model consists of three linked model elements (stippled boxes) and takes two forcing inputs (in 254 
green). The parameters (in blue) are placed to indicate the fluxes and stores that they drive. Modified from Kittel et al., (2018). 255 

In sections of the Tana and Upper Niger catchments, losses are expected (Leauthaud et al., 2013; Mahé et al., 256 

2009) and clearly visible in the in-situ data (Table 2 and Table 3). Therefore, we incorporate a loss parameter in 257 

the routing model for specific reaches displaying a clear reduction in discharge moving downstream. In the 258 

Tana catchment, the parameter is defined for the semi-arid subcatchments between Garissa and Garsen. In the 259 

Upper Niger, a loss parameter is defined for catchments within the Inner Niger Delta. Loss is proportional to 260 

the length of each subreach within the subcatchment. All model parameters are summarized in Table 6.  261 

Table 6 Calibrated model parameters. One set of parameters is defined for each HRU. The ranges are defined based on parameter 262 
definitions. The Nash cascade and deep aquifer parameters as well as the loss parameter are optional in the model structure. 263 

Parameter  Description (unit) Calibration 
range 

𝛼1 Budyko parameter governing the partition between catchment retention and 
runoff (–) 

[0.1−0.9] 

𝛼2 Budyko parameter governing the partition between groundwater recharge and ET 
(–) 

[0.1−0.9] 

𝑑  Baseflow recession coefficient (day−1)  [0.003–0.7] 
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𝑆𝑚𝑎𝑥   Maximum soil water storage (mm) [100–1,500]  

𝑁𝑁𝑎𝑠ℎ    Number of identical reservoirs in series in the Nash cascade (–) [1–10]  

𝐾𝑁𝑎𝑠ℎ   Reservoir storage constant in the Nash cascade (day) [1–10] 

𝑋GW Partitioning coefficient of recharge to shallow and deep aquifer (–) [0–0.95] 

𝑑𝑑𝑒𝑒𝑝  Deep aquifer baseflow recession constant (–) [0.001–0.2] 

𝑋  Muskingum weighting factor (–) [0–0.5] 

𝑛  Manning’s roughness coefficient (sm−1/3) [0.015–0.05] 

loss Loss coefficient, proportional to reach length (km-1)  

(Total loss per subcatchment (%)) 

[0-3] 

[0-15] 

2.5. Lake routing 264 

We implement a linear reservoir model to route discharge from the rainfall-runoff model through the lakes in 265 

the Semliki catchment. The lake model is based on the lake water balance (Eq. 3). 266 

𝑑𝑉

𝑑𝑡
= 𝑄𝑖𝑛 + 𝑃 − 𝐸 − 𝑄𝑜𝑢𝑡 (3) 267 

V is the lake storage (m3), Qin is the inflow to the lake, P the precipitation, E the evaporation and Qout the 268 

outflow from the lake (all in m3/s). We define a lake volume threshold, Vth, below which no outflow occurs and 269 

a reservoir time constant, klake (s-1). The lake outflow, 𝑄𝑜𝑢𝑡  (m3/s) depends on the current lake storage, 𝑉𝑡 (Eq. 270 

4). 271 

𝑄𝑜𝑢𝑡 = 𝑘𝑙𝑎𝑘𝑒 ∗ (𝑉𝑡 − 𝑉𝑡ℎ) (4) 272 

If the lake storage is below the threshold, there is no outflow. Lake parameters for Lake Edward and Lake 273 

George are shown in Table 7. 274 

The lake storage is calculated using the analytical solution of the linear reservoir formulated in terms of volume 275 

and updated at each step using the previous lake storage as the initial storage. The outflow is routed through 276 

the river system as an external input to the routing module of the rainfall-runoff model. According to the 277 

Hydroweb database (Crétaux et al., 2011), the surface area of Lake Edward has varied between 2,235 and 278 



19 
 

2,253 km2, corresponding to less than 1% of the minimum area sensed between 2000 and 2014. We therefore 279 

assume constant lake surface areas. Inspection of the Global Surface Water Explorer map (Pekel et al., 2016) 280 

supports this assumption. 281 

Table 7 Lake parameters for Lake George and Lake Edward (from Arildsen, 2018 and Greenwood, 1976). For clarity, the inverse of k is 282 
here given in days, but input as s-1 in the model. 283 

 Lake Edward Lake George 

Surface area (km2) 2,325 250 

𝟏/𝒌𝒍𝒂𝒌𝒆 (day) 336.5 115.7 

𝑽𝒕𝒉 (km3) 43.3 1.9 

 284 

2.6. Parameter regionalization 285 

We group the subcatchments into calibration classes within which all subcatchments are assigned the same 286 

parameter set. We use two parameter transfer methods and the same calibration stations in both setups. 287 

- Similarity: Subcatchments sharing a unique combination of characteristics, so-called HRUs 288 

(Hydrological Response Units), geographical location does not constrain the units only similarity 289 

- Proximity: tributaries or groups of neighboring tributaries based solely on the flow network and 290 

delimited by the nearest tributary confluence or the calibration station itself depending on 291 

geographical proximity – we refer to these classes as NN (Nearest-Neighbor) 292 

We define the HRUs as unique combinations of land cover characteristics based on the 300 m resolution ESA 293 

CCI Land Cover time-series v2.0.7 (1992 - 2015) (ESA, 2017)and slope classes calculated using the SRTM DEM. 294 

In each subcatchment we extract the fraction of each land cover category exceeding 10% of the subcatchment 295 

area (cropland, herbaceous cover, shrub, forest cover or natural mosaic). 296 
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Figure 3 illustrates the classification for the two different parameter transfer strategies. In the example, there 297 

are four unique HRUs, or unique combinations of slope and land cover characteristics, for nine subcatchments 298 

and three gauging stations. As is frequently the case in practice, the initial number of HRUs exceeds the 299 

number of calibration stations. We therefore assess the gauged HRUs to ensure that each final class contains at 300 

least one gauged subcatchment. In the example, the two HRUs with high slopes are merged to form one, 301 

gauged HRU, regardless of land cover, resulting in three calibration classes.  302 

 303 

Figure 3 Example of HRU creation based on four land cover combinations and two slope classes with three gauging stations (red stars) 304 
for nine subcatchments. 305 

2.6.1. Tana 306 

The upstream region has a much higher slope than the downstream valley and a higher gauging station density. 307 

The downstream catchment’s surface area is larger; therefore, the slope percentiles are skewed when 308 

calculated at catchment level. Therefore, we select two slope classes, the median and the 75th percentile based 309 

on the mean subcatchment slope as the slope class thresholds. In total, five HRUs are defined by adding 310 

dominant land cover classes (Table 8). 311 

Table 8 HRUs in the Tana. * indicates calibration stations. 312 

HRU Stations Land cover class Average slope (%) 
Number of 

subcatchments 
Subcatchment 

sizes (km2) 
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1 Sagana* Shrub and mosaic > 20% High slope (> 5.1%) 3 215-2,204 

2 

Gura 

Tana sagana 

Mutonga 

Thiba 1* 

Crop and forest > 80% High slope (> 5.1%) 5 289-1,906 

3 Thiba 2* Crop and forest > 80% Medium slope (3.5%-5.1%) 3 953-2,597 

4 Thika 2* Crop > 80% Low slope (< 3.5%) 10 13-2,002 

5 
Garissa* 

Garsen* 
Mosaic and forest > 25% Low slope (< 3.5%) 8 209-23,216 

 313 

2.6.2. Upper Niger 314 

Table 9 summarizes the HRUs defined for the Upper Niger. We use three slope classes delimited by the 20th 315 

and 50th percentiles to accommodate the downstream plain. Due to the higher data availability and larger 316 

catchment size, six HRUs are defined for the Upper Niger. 317 

Table 9 HRUs in the Upper Niger catchment. * indicates calibration stations. 318 

HRU Stations  Land cover class Average slope (%) 
Number of 

Subcatchments 

Subcatchment 

sizes (km2) 

1 

Nantaka 

Tilembaya 

Ke-Macina* 

Crop mosaic Very low slope (< 0.6 %) 6 513-12,780 

2 

Douna* 

Sofara* 

Beneny-Kegny 

Kirango Aval 

Koulikouro 

Dioila+ 

Crop mosaic Low slope (0.6 % to 1.6 %) 7 8,543-27,710 

3 

Gouala 

Banankoro 

Pankourou* 

Crop > 20% High slope (> 1.6 %) 7 75-31,089 
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4 
Selingue* 

Bougouni 
50% < Forest and shrub < 80% High slope (> 1.6 %) 4 1,674-14,909 

5 Baro* Forest + Shrub > 80% High slope (> 1.6 %) 7 223-16,389 

6 

Kouroussa 

Faranah 

Kankan* 

Forest > 80 % High slope (> 1.6 %) 5 3,196-21,953 

 319 

2.6.3. Semliki 320 

In the Semliki, the Rwenzori range significantly increases the average slope in catchments east and west of the 321 

range, creating a bias in the catchment mean. On the western side in the Semliki subcatchment, the mean 322 

slope is 16.3% and the median 7.7%. Furthermore, the gauged HRUs generally present the same 323 

characteristics: high slope and dominant crop cover. We calculate the slope percentiles at catchment level 324 

rather than subbasin level and use the 60th slope percentile as a threshold to increase representation of lower 325 

slope HRUs. Four HRUs are defined in the catchment (Table 10). 326 

Table 10 HRUs defined in the Semliki catchment. * indicates calibration stations. 327 

HRU Stations  Land cover class Average slope (%) Number of 

subcatchments 

Subcatchment 

sizes (km2) 

1 Mitano* 

Chambura 

Rwimi 

Crop > 60% High slope (> 10.9%) 20 266-2,135 

2 Nyamugasani* 

Rukoki 

Crop < 60% High slope (> 10.9%) 4 190-916 

3 Nkusi* 

Wambabya 

Semliki 

Forest > 10% Low slope (< 10.9%) 9 17-6,563 

4 Mpanga* Forest < 10% Low slope (< 10.9%) 20 10-1,357 

 328 
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2.7. Parameter calibration and validation 329 

We select a holistic calibration approach similar to Kittel et al. (2018) and calibrate the entire catchment at 330 

once, allowing parameter trade-offs between HRUs or NNs to obtain the best compromise throughout the 331 

catchment. A stepwise calibration reduces the parameter space and upstream catchments are calibrated 332 

completely independently. However, there is a risk that downstream parameters compensate for upstream 333 

parameter uncertainties. When calibrating all parameters at once, discrepancies between donor and receptor 334 

catchments may be absorbed by the parameters; however, these will become clear at validation stations. 335 

We use the global search algorithm Shuffled Complex Evolution method developed by Duan et al. (1992) at the 336 

University of Arizona (SCEUA) through the SPOTPY Python plugin (Houska et al., 2015). Ten complexes are 337 

evolved with convergence criteria of 0.1% change in objective function and parameter value over 100 model 338 

runs. We evaluate the performance based on flow regime characteristics at each calibration station: the flow 339 

duration curve (FDC) and the daily discharge climatology benchmark. Ideally, the computation of the so-called 340 

Pareto front is required for a full picture of the trade-offs between equally optimal solutions to a multi-341 

objective optimization problem. However this is computationally expensive for high-dimensional problems 342 

(Madsen, 2000). Instead, we group the contributions into a single, aggregated objective function, assigning a-343 

priori weights to the individual performance measures. The aggregated objective function is the weighted root 344 

mean square deviation (WRMSD) between the 𝑁 × 2 individually calculated objective function values at 𝑁 345 

calibration stations, 𝜙𝑠𝑖𝑚, and the corresponding values for a perfect fit, 𝜙𝑟𝑒𝑓 , defined for each partial 346 

objective (Kittel et al., 2018) (Eq. 5). 347 

𝜙 = √
1

𝑁
∑(𝜙𝑟𝑒𝑓,𝑖 − 𝜙𝑠𝑖𝑚,𝑖)

2
× 𝑤𝑖

𝑁

𝑖=1

(5) 348 
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The FDC performance criterion is defined in Westerberg et al. (2011) and compares discharge at 20 flow 349 

exceedance probabilities separated by 5% discharge volume increments (𝑁 = 20). At each evaluation point, i, 350 

performance is scored (𝑆𝑖): 0 for a perfect fit and 1 or -1 for scores deviating by 10%. The final performance 351 

measure is given in Eq. 6, where the perfect fit gives a score of 1 and deviations from the observations up to 352 

the tolerated 10% give a positive score. 353 

𝑅𝐹𝐷𝐶 = 1 −
∑ |𝑆𝑖|𝑁−1

𝑖=1

𝑁−1
(6)354 

The climatology benchmark objective is the WRMSD (Weighted Root Mean Square Deviation) between the 355 

simulated and observed discharge climatology weighted by the standard deviation of the observations on each 356 

day of the year. The objective function value can take values from [0, ∞], where 0 is a perfect score. Scores 357 

below 1 indicate that the deviations are less than or equal to the observed inter-annual variations and 358 

therefore accepted. 359 

The advantages of using the FDC and climatology WRMSD rather than day-to-day performance measures are 360 

two-fold: exact temporal overlap between gauging data and forcing data is not necessary, and the method is 361 

less sensitive to timing errors, if the precipitation forcing fails to capture the exact timing of precipitation 362 

events. Whilst the latter is clearly beneficial in mitigating the impact of uncertainties in the precipitation 363 

remote sensing products, the former assumes hydrometeorological stationarity across all records. As explored 364 

in Section 2.2.2, this is not always valid in the study areas. However, it is a recurring issue that stations may be 365 

operational only for a limited time, which is not necessarily compatible with the available forcing data. There is 366 

a trade-off between extending the selected observation period to obtain sufficiently long observation records 367 

to achieve balanced calibration results and the risk of introducing bias due to lack of stationarity. 368 

Because we calibrate against statistics of the flow regimes, it does not make sense to split the observed time-369 

series to produce a validation sample. Instead all suitable stations, which have not been used for calibration, 370 
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are used to validate model performance. This method of evaluation also sheds light on the potential 371 

performance at ungauged locations.  372 

3. Results 373 

3.1. Model Performance  374 

Table 11 shows a summary of the performance statistics for the Tana, Upper Niger, and Semliki at stations with 375 

records into the 1990s. The model is behavioral when both the climatology and FDC are within the acceptable 376 

range (between 0 and 1). As expected, performance at calibration stations is generally similar across models, as 377 

the calibrated parameters absorb differences in regionalization and forcing data. The HRU models score the 378 

highest when considering only behavioral best performances. 379 

As the Upper Niger calibration includes the oldest historical records, part of the poorer calibration results may 380 

be explained by climatic non-stationarity. In particular, the generally poor performance in the FDC score may 381 

reflect a discrepancy in climatology consistently exceeding the 10% deviation tolerance. The climatology 382 

objective takes the interannual variability into account, which may in part absorb some of the penalization 383 

from non-stationarity. There is no obvious pattern relating performance to climatic zone across the three 384 

catchments.  385 

Table 11 Performance measure at in-situ stations in the three study areas. * indicates calibration stations and bold font indicates 386 
validation stations, green font indicates the best performing model and all validated results are highlighted in green. The last line 387 
summarizes how many times a given model is validated/the best performing/both. Numbers in parenthesis are the HRU identified in 388 
Tables 7, 8 and 9. The colors indicate the Köppen-Geiger climate zones (KGCZ) as classified in Table 1. 389 

Climate zones Aw Am Cfb Csa BWh Bsh 

Color codes       
 

FDC Climatology 
 

FEWS 
HRU 

TRMM 
HRU 

FEWS NN 
TRMM 

NN 
FEWS 

HRU 
TRMM 

HRU 
FEWS NN 

TRMM 
NN 

 KGCZ TANA  
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Sagana* (1) Cfb/Csa 0.55 0.34 0.61 0.47 0.42 0.85 0.43 0.48 

Gura (2) Cfb -1.36 -1.82 -2.86 -3.01 0.97 1.11 0.95 0.98 

Tana Sagana 
(2) 

Cfb 
-0.47 -0.21 -3.85 -3.86 0.46 0.58 0.76 0.76 

Thiba 1* (2) Aw/Cfb -0.73 0.12 -1.64 -1.40 0.80 1.06 0.58 0.57 

Mutonga (2) Aw/Cfb 0.16 -0.35 -3.58 -3.09 0.69 0.66 1.37 1.14 

Thiba 2* (3) Aw 0.77 0.44 -0.46 -0.64 1.02 0.82 1.02 0.94 

Thika 2* (4) Aw -0.02 0.38 0.28 0.39 0.61 0.59 0.66 0.66 

Garissa* (5)  Bsh/BW
h 

0.24 0.02 0.55 0.56 0.33 0.42 0.27 0.43 

Garsen* (5) As/Bsh 0.53 0.43 0.71 0.41 0.76 0.88 0.79 0.69 

 UPPER NIGER  

Nantaka (1) Bsh -1.75 -1.40 -1.12 -1.31 1.15 1.03 0.94 0.94 

Tilembaya (1) Bsh -1.08 -1.15 -0.91 -1.06 0.86 1.15 0.94 0.86 

Ke-Macina* (1) Bsh -0.25 -0.34 -0.16 -0.81 0.66 0.89 0.85 0.69 

Douna* (2) Bsh/Aw 0.40 0.20 -0.93 -0.44 0.84 1.06 1.36 0.98 

Sofara* (2) Bsh/Aw -0.45 -1.05 -1.15 -0.77 0.54 0.69 1.18 0.91 

Beneny-Kegny 
(2) 

Bsh/Aw 
-2.30 -2.40 -1.99 -1.55 0.64 0.68 1.11 0.79 

Kirango Aval 
(2) 

Bsh/Aw 
0.05 0.07 0.33 -0.13 1.55 1.90 1.33 1.33 

Koulikouro (2) Bsh/Aw 0.05 0.10 0.27 0.12 0.83 0.67 1.14 0.72 

Dioila (2) Bsh/Aw -1.55 -1.68 -1.48 -1.26 2.54 3.64 1.44 1.45 

Gouala (3) Aw -1.33 -0.63 -0.19 -0.97 0.91 0.59 0.84 0.54 

Banankoro (3) Aw -2.50 -2.06 -0.86 -0.61 1.05 1.41 1.09 1.04 

Pankourou* 
(3) 

Aw 
-0.88 -0.35 -1.12 -0.59 1.43 1.24 1.21 1.06 

Selingue* (4) Aw -1.12 -0.29 -0.49 -0.62 0.58 0.50 0.78 0.55 

Bougouni (4) Aw -6.35 -6.69 -2.31 -0.31 3.03 3.23 1.06 0.64 

Baro* (5) Aw -0.81 -0.50 -0.22 -0.67 0.52 0.85 0.85 0.99 

Kouroussa (6) Aw -0.92 -0.83 -1.51 -1.48 0.88 2.05 1.18 1.49 

Faranah (6) Aw -1.72 -0.15 -0.84 -0.18 0.87 2.65 0.86 1.87 

Kankan* (6) Aw -0.52 -0.72 -0.05 -0.33 0.92 0.85 0.84 0.57 

 SEMLIKI  
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Mitano* (1) Aw/Cfb 0.67 0.52 0.63 0.62 0.35 0.40 0.33 0.35 

Chambura (1) Aw -1.95 -1.11 -1.85 -1.12 0.84 0.68 0.77 0.67 

Nyamugasani* 
(2) 

Am/Cfb 
-0.01 -0.31 -0.03 -0.30 0.59 0.59 0.58 0.55 

Nkusi* (3) Aw 0.53 0.07 0.43 -0.19 0.66 0.53 0.67 0.51 

Wambabya (3) Aw -1.55 -1.80 -1.63 -1.97 0.75 0.67 0.71 0.69 

Mpanga* (4) Aw/Am 0.01 0.14 -0.21 0.29 0.65 0.36 0.78 0.70 

 Total 

Validated 

best/both 

11 

9/5 

12 

7/1 

8 

11/4 

8 

6/3 

26 

9/9 

21 

7/7 

21 

6/5 

26 

13/10 

Figure 4 illustrates the model performance at selected stations across the three catchments. The NN models 390 

clearly underestimate discharge at Tana Sagana. Gura and Tana Sagana belong to a different HRU than Sagana 391 

and the water balance is more consistent with the observations when using the HRU regionalization setup. The 392 

model behavior suggests different hydrological processes drive the runoff generation in the Tana Sagana and 393 

Gura subcatchments than in donor subcatchment, Sagana, and the same parameters cannot be used to 394 

reproduce discharge satisfactorily in all three subcatchments. Another challenge for all models lies in the 395 

nature of the hydrograph in the upper Tana catchment: flow is very low and strongly related to rainfall events, 396 

All models fail to predict the high flow exceedance percentiles, which are very sensitive to the accuracy of the 397 

precipitation products and have a high interannual variability as evident from the uncertainty bounds of the 398 

climatology plot. 399 

The NN models outperform the corresponding HRU models at Dioila (Table 11); however, Figure 4 indicates 400 

that the improvement is achieved at the expense of timing and a clear shift in the flow season at Dioila. In the 401 

Semliki catchment, subcatchments within the Mpanga catchment belong to two different HRUs, calibrated at 402 

Mpanga and Nkusi respectively. Model performance is improved at Mpanga and similar at Nkusi. Although the 403 

contributing subcatchments are not gauged, the improved performance at Wambabya, validation station for 404 

Nkusi, suggests the trade-off between the two parameter sets is reasonable.  405 
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 406 

Figure 4 Illustration of the model performance at selected stations in the study catchments: Tana Sagana and Garsen in the Tana 407 
catchment, Ke-Macina and Dioila in the Upper Niger and Chambura and Mpanga in the Semliki. The colored surfaces represent the inter-408 
annual variability by the 95% confidence interval of mean daily discharge for the climatology and the 10% uncertainty tolerance for the 409 
FDCs. 410 

The total reduction in flow between Garissa and Garsen in the Tana varies between 15% for the FEWS and 411 

TRMM forced HRU models (0.00022% and 0.00017% mean loss per km respectively), and 14% and 10% for 412 
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their NN regionalized counterparts (0.00037% and 0.00032% mean loss per km). In the Upper Niger, the mean 413 

loss per km varies from 0.00015% to 0.00019% for the FEWS and TRMM HRU models respectively to 0.00026% 414 

and 0.00024% for their counterpart NN models, equivalent to a total reduction in flow of 15% and 23% for the 415 

HRU models and 35% and 32% for the NN models. Although the NN models have the highest loss coefficients, 416 

performance in the affected subcatchments is similar to the homologous HRU models. The reduction in flow is 417 

generally inferior to observed reduction (Table 2 and Table 3): The models are not using the loss coefficient as 418 

a means to close the water balance artificially by eliminating excess runoff. Model performance remains 419 

satisfactory; therefore, the simple loss parameter is sufficient for the purposes of this study.  420 

3.2. Spatial Patterns  421 

Figure 5, Figure 6, and Figure 7 illustrate the runoff coefficients, baseflow coefficients and evaporative fractions 422 

as well as selected basin characteristics (precipitation, slope, and crop and forest cover) for all modelled 423 

subcatchments.  424 

Precipitation is underestimated by FEWS in the Thiba 1 subcatchment, as identified in Table 2. The model 425 

performance is similar between the two forcing products, however the evaporative fraction and runoff 426 

coefficients in the FEWS forced Tana models shed light on the consequences on the calibration parameters. 427 

The evaporative fraction is very low in the affected catchments for the FEWS forced models. If precipitation is 428 

too low, decreasing evapotranspiration increases the volume of discharge. Conversely, lower runoff 429 

coefficients in the TRMM models, e.g. in the Tana Sagana and Thiba subcatchments, reflect the compensation 430 

for excessive rainfall seen in Figure 4.  431 



30 
 

 432 

Figure 5 Catchment characteristics of the Tana models – from top to bottom: FEWS HRU regionalization, TRMM HRU regionalization, 433 
FEWS NN regionalization and TRMM NN regionalization. 434 

When proximity is used as regionalization method, the entire upstream Bani catchment belongs to the same 435 

NN regardless of changes in slope and land cover. As a result, the runoff coefficient is lowered overall in the 436 

Bani compared to the HRU models, which corrects discharge volumes at the expense of timing, as observed in 437 

Figure 4.   438 
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 439 

Figure 6 Catchment characteristics of the Upper Niger models – from top to bottom: FEWS HRU regionalization, TRMM HRU 440 
regionalization, FEWS NN regionalization and TRMM NN regionalization. 441 

FEWS precipitation is similar on the eastern and western slopes of the Rwenzori range, although the lion’s 442 

share of precipitation in the Rwenzori range falls on the Eastern slope (Eggermont et al., 2009). Consequently, 443 

FEWS precipitation volumes are much larger in the western subcatchments between Lake Edward and Lake 444 

Albert. Furthermore, Taylor et al. (2009) report high spatial variability in discharge in neighboring catchments in 445 

the Rwenzori (1,230 mm/year at Mobuku compared to 493 mm/year at Nyamugasani) due to lower 446 

temperatures, and thus evapotranspiration, combined with higher precipitation. The evaporative fraction is 447 

lower in the Mobuku catchment although precipitation is similar in the two catchments (Table 4). 448 
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Unfortunately, the discharge records at Mobuku are too dated (1954-1970) to evaluate this conclusively; 449 

however, simulations at Mobuku will be affected if the coarse-resolution remote sensing products poorly 450 

capture the vertical precipitation gradients in the mountain range.  451 

 452 

Figure 7 Catchment characteristics in the Semliki for the four models – from top to bottom: FEWS HRU regionalization, TRMM HRU 453 
regionalization, FEWS NN regionalization and TRMM NN regionalization. 454 
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Low slope/crop covered subcatchments south of Lake Albert receive parameters calibrated at nearest-neighbor 455 

Nyamugasani, located east of the Rwenzori, and draining into Lake Edward (Figure 7), whereas the same 456 

subcatchments receive parameters from most similar donor subcatchment, Mpanga, in the HRU setup (Table 457 

10). The consequences are explored by evaluating model performance at the Semliki station. 458 

3.3. The Semliki Case  459 

3.3.1. Model performance downstream of Lake Edward 460 

Figure 8 shows the observed and simulated discharge at the Semliki station, downstream of Lake Edward. The 461 

simulated discharge from all four models grossly exceeds the most recent observations from 2006-2011. The 462 

models perform well against contemporary observations in the catchment but are more consistent in volume 463 

with the historical records from 1950-1979. A closer look at the lake water balance (Appendix D) reveals that 464 

the main factor controlling outflow of the lakes, is the inflow from upstream catchments; the difference 465 

between precipitation and evapotranspiration represents at most 12.5 % of the water balance, which could not 466 

explain the observations from 2006-2011. The observation records are investigated in the next section. 467 

 468 

Figure 8 Model performance downstream of Lake Edward compared to historical (1950-1979) and newer (2006-2012) observations: a)-d) 469 
discharge decomposition: the hashed areas represent the discharge contribution from within the Semliki catchment, e) Flow duration 470 
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curve and f) climatology for all four models. The colored surfaces represent the inter-annual variability by the 95% confidence interval of 471 
mean daily discharge for the climatology and the 10% uncertainty tolerance for the FDCs. 472 

3.3.2. Evaluation of In-Situ Data 473 

We compare the cumulated runoff at the Semliki station to the average annual runoff at other stations in the 474 

catchment for the exact same period. The latter is the so-called pattern. The pattern is composed of the 475 

average between Mitano, Mpanga, Nkusi, and Chambura. We only select years with full records at all stations. 476 

The double-mass plot in Figure 8 lies above the 1:1 curve, suggesting the 1970s were wetter for the Semliki 477 

stream than the pattern. However, the break in the curve suggests that the relation is inversed for the last four 478 

years. Applying the same experiment to the other stations, e.g. Mpanga, reveals consistent relations between 479 

the pattern and the individual streams. 480 

 481 

Figure 9 Double mass plot comparing the annual runoff in mm/day throughout the catchment on average and at the Semliki station 482 
alone (left) and at Mpanga (right). There are two clear shifts in the correlation between the datasets, the most apparent being before 483 
and after 1977.The shift is statistically significant at Semliki but not at Mpanga. 484 

Based on an analysis-of-covariance test on the two periods (1967-1977 and 2007-2011), the break in the curve 485 

is statistically significant at Semliki (Appendix E, Table E.1). With the same test, the shift at Mpanga is not 486 

statistically significant (Appendix E, Table E.2), reducing the likelihood of catchment-scale changes. The 487 

magnitude of the break supports the hypothesis of an error in the observation records, most likely a change in 488 

the rating relationship, e.g. due to significant changes in river width (NEMA, 2009).  489 
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3.3.3. Lake water balance 490 

Based on the model performance in 3.3.1 and the discrepancies in the recent records at Semliki, we base the 491 

evaluation on the historical records, which suggest the scenario proposed by the HRU models is the most likely. 492 

The lake outflow (lower bound of the colored areas in in Figure 8 a-d) is only slightly higher in the NN models 493 

compared to their respective HRU models, thus the bulk of the discrepancy between the NN and HRU models 494 

can be attributed to the runoff generation within the catchment. The NN models have higher runoff 495 

coefficients in the Semliki catchment than the two HRU models.  496 

The inflow and consequently outflow from the lakes are also larger in the NN models (between 13 and 17% 497 

larger for Lake Edward and between 43 and 62% larger for Lake George). The outflow from Lake George 498 

represents 34% of the inflow to Lake Edward for the NN models against around 23% for the HRU models 499 

(Appendix D, Table D. 1 and Table D. 2). We attribute the main discrepancy between the regionalization 500 

approaches to the overestimation of runoff in the catchments upstream of Lake George and downstream of 501 

Lake Edward by the NN models, with a limited contribution from the mid-stream catchments.  502 

The TRMM models generate negative water balances (Appendix B), suggesting the volume decreases from the 503 

volume attained after the warm-up period, while the FEWS models tend to show an increase in volume. Based 504 

on satellite observations of lake elevation and volume change from Hydroweb, the FEWS scenario is more likely 505 

(Crétaux et al., 2011). 506 

4. Discussion 507 

4.1. Evaluation of Model Results 508 

The models are the best global compromise between all parameters for their respective setup. The cal/val 509 

performance on its own classifies the models as equifinal in simulating discharge in some subcatchments. 510 
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However, decomposing the underlying model mechanisms reveals trade-offs between the different parameter 511 

sets. In all three study areas, lumping the parameters based on proximity resulted in compromises, which are 512 

not always consistent with hydrological processes.  513 

This clearly emphasizes the need for sound parameter regionalization in data scarce catchments, where there 514 

are no means to evaluate whether the calibrated model is hydrologically sound. In nested, partially gauged 515 

catchments, the model may produce good results during calibration, however if the underlying mechanisms 516 

are not coherent throughout the catchment, the model is bound to fail in prediction mode. 517 

We reserve a large number of stations to evaluate performance in ungauged subbasins. The hydrological 518 

signatures impose constraints on the interpretation of results at some stations. This is a clear limitation to the 519 

results of this study; however, it also illustrates a key challenge for basins, where data records are of 520 

insufficient quantity or quality to represent catchment heterogeneity. The model validation suggests that the 521 

calibration remains satisfactory in light of data availability and that the calibration approach does not induce 522 

overfitting to the observation data.  523 

4.2. Regionalization Approach 524 

The rainfall-runoff model is conceptual and thus its parameters cannot be directly translated into physical 525 

properties. The selected approach uses readily available information about the catchments, in this case land 526 

cover, which cannot inform the model setup or calibration directly. There are other characteristics, which 527 

influence hydrological processes and are publicly available: e.g. soil characteristics or remote sensing estimates 528 

of soil moisture and evapotranspiration to name a few. We do not include them in this study, because 1) we 529 

want to retain uniformity across the study areas and 2) gauging data constraints: increasing the number of 530 

catchment characteristics also increases the number of potential calibration classes.  531 
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The definition of HRUs is essentially a space-reduction problem. Clustering techniques impose statistical 532 

conditions on the data, e.g. similar variance between the variables, and assumptions concerning the probability 533 

distribution of the variables in the catchment. Alternative techniques reduce the dimensions of the problem, 534 

e.g. principal components analysis (PCA) (Banerjee and Davé, 2012). However, there should be a clear pattern 535 

of linear correlation between the variables (in this case between catchment characteristics and hydrological 536 

processes); otherwise important hydrological information might be lost when reducing the dimensionality 537 

according to essentially random axes (Björklund, 2019).  538 

The similarity regionalization approach is based on information which is inherently specific to each catchment 539 

(Parajka et al., 2013; Razavi and Coulibaly, 2013). This is due to 1) catchment heterogeneity and 2) gauging 540 

station location. The results illustrate that despite catchment-specific HRUs, the approach consistently 541 

improves model simulations and in particular, the representation of hydrological processes at catchment-scale. 542 

4.3. Forcing data 543 

Precipitation is a key driver of the land-surface water balance and accurate precipitation estimates are crucial 544 

to produce reliable hydrological simulations. Gebregiorgis et al. (2012) found 85% correlation between runoff 545 

prediction uncertainties and errors in the precipitation dataset. Beck et al., (2016) compared 22 global-scale 546 

precipitation datasets and reported large regional differences in performance for each product and between 547 

products. FEWS was not included in the study; however, TRMM fell into the second-best performing group. The 548 

study concluded that access to reliable in-situ rain gauge and discharge observations is key to supporting the 549 

product selection process.  550 

The calibrated parameters in this study are catchment and forcing-product specific, which is a natural trade-off 551 

in working with uncertain data. The results of this study support the conclusion that it is difficult to identify a 552 

universally best product, even across just three catchments, particularly in cases where in-situ data is 553 
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insufficient to evaluate any bias adequately. However, in spite of input uncertainties, the validation process still 554 

identifies at least one of the HRU models as behavioral in several subcatchments supporting the usefulness of 555 

the presented regionalization approach. 556 

5. Conclusion 557 

In this study we explore a parameter regionalization method for a catchment-scale hydrological model of three 558 

African river catchments covering a range of climatic, physiographic, and geographical characteristics. In all 559 

three catchments, there are concerns regarding changes in inflow to important wetland resources and gauging 560 

data availability is limited or discontinuous over time. Furthermore, the low density of consistent gauging 561 

records, and the lack of continuity in observations into the 21st Century significantly constrain modelling 562 

possibilities. Thus, reliable, continuous catchment-scale discharge time series at key points are urgently 563 

needed.  564 

 The regionalization approach is based on remote sensing data sources, in this case land cover and surface 565 

slope properties. All datasets used to force the model and inform the regionalization approach are global and 566 

publicly available, ensuring transferability to other regions of interest. We systematically compare the HRU 567 

approach to the less-informed nearest-neighbor regionalization approach by evaluating model performance at 568 

validation stations. 569 

Model performance is improved in all catchments, and spatial patterns are reasonably related to catchment 570 

characteristics, suggesting the model adequately reproduces the runoff generation processes. The models’ 571 

predictive capability in validation catchments is improved compared to a proximity regionalization approach. 572 

The study areas are difficult to calibrate for various reasons: lack of contemporary data, uncertainties in forcing 573 

and gauging data, etc. The proposed regionalization and calibration/validation method allows users to simulate 574 
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discharge in ungauged subcatchments using an informed parameter transfer method based on publicly 575 

available, global remote sensing datasets. 576 

The three study areas selected in this study are intrinsically linked to important wetlands and reliable 577 

simulations are key to water resource management efforts. Validation may not be an option in data scarce 578 

catchments, and the results in this study highlight that informed parameter regionalization can improve 579 

reliability and coverage of simulations in these catchments. The results also highlight that caution must be 580 

taken to select sufficiently accurate forcing and evaluation data.  581 
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Appendices 798 

A. Catchment maps 799 

 800 

Figure A. 1 Tana catchment with stations and delineated subcatchments 801 

 802 

Figure A. 2 Upper Niger catchment with stations and delineated subcatchments 803 
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 804 

Figure A. 3 Semliki catchment with stations and delineated subcatchments  805 
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B. Graphical precipitation comparison in the Tana 806 

 807 

Figure B. 1 Difference between FEWS-RFE and TRMM for the Tana catchment and for selected tributaries: Mutonga, Thiba and Thika  808 
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C. ANOVA (Analysis of Variance) tests in the Upper Niger catchment 809 

 810 

Figure C. 1 Hydrograph characterization at Nantaka and Douna before and after construction of the Talo dam 811 

Tests of variance are conducted using Python package statsmodels and its Ordinary Least Squares (OLS) model. 812 

OLS performs a regression analysis between the pattern runoff (average runoff at four stations with 813 

overlapping records) and the station runoff to be investigated. 814 

 815 

Table C. 1 Anova table for Douna station 816 

 Sum of Squares Degrees of F-statistic p-value  
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freedom 

Year of observation 2.5 104 1 7.8 0.01 

Residual 5.4 104 17 - - 

Table C. 2 Anova table for Nantaka station 817 

 Sum of Squares Degrees of 

freedom 

F-statistic p-value  

Year of observation 1286.9 1 3.7 0.07 

Residual 7307.8 21 - - 

  818 
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D. Lake water balance  819 

Table D. 1 Lake water balance for Lake George for the two precipitation products, T: TRMM and F: FEWS. The numbers below the model 820 
values indicate the percentage increase in discharge input and output between the HRU model (first line) and the NN model (second line) 821 

 Million m3 per year Annual average in m3/s % of total inflow/outflow 

Lake George T F T F T F 
P  280 268 8.9 8.5 1) 20.0 

2) 13.6 
1) 19.5 
2) 14.5 

ET 382 382 12.1 12.1 1) 26.7 
2) 18.4 

1) 28.2 
2) 20.8 

Inflow from upstream 
catchments 

1) 1,126 
2) 1,779 

58% 

1) 1,105 
2) 1,581 

43% 

1) 35.7 
2) 56.4 

1) 35.0 
2) 50.1 

1) 80.0 
2) 86.4 

1) 80.5 
2) 85.5 

Outflow 1) 1,044 
2) 1,698 

63% 

1) 975 
2) 1,455 

49% 

1) 33.1 
2) 53.8 

1) 30.9 
2) 46.1 

1) 73.3 
2) 81.6 

1) 71.8 
2) 79.2 

Change in storage 1) -20 
2) -21 

1) 16 
2) 12 

1) 0.6 
2) 0.7 

1) 0.5 
2) 0.4 

  

 822 

Table D. 2 Lake water balance for Lake Edward for the two precipitation products, T: TRMM and F: FEWS and the two regionalization 823 
approaches, 1) HRU and 2) NN 824 

 Million m3 per year Annual average in m3/s % of total inflow/outflow 

Lake Edward T F T F T F 

Lake Albert       
P  2,609 2,344 82.7 74.3 1) 37.4 

2) 34.3 
1) 35 
2) 31.5 

ET 3,124 3,124 99.0 99.0 1) 44.4 
2) 40.7 

1) 47.4 
2) 42.5 

Inflow from local 
catchments (including 
Lake George) 

1) 4,364 
2) 4,992 

14% 

1) 4,349 
2) 5,106 

17% 

1) 138.3 
2) 158.2 

 

1) 137.8 
2) 161.8 

1) 62.6 
2) 65.7 

1) 65.0 
2) 68.5 

Outflow 1) 3,919 
2) 4,554 

13% 

1) 3,462 
2) 4,235 

16% 

1) 124.2 
2) 144.3 

1) 109.7 
2) 134.2 

1) 55.6 
2) 59.3 

1) 52.6 
2) 57.5 

Change in storage 1) -70 
2) -77 

1) 107 
2) 91 

1) -2.2 
2) -2.4 

1) 3.4 
2) 2.9 

  

  825 
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E. ANOVA (Analysis of Variance) tests in the Semliki catchment 826 

Table E. 1 Anova table for Semliki station 827 

 Sum of Squares Degrees of freedom F-statistic p-value  

Year of observation 5.79 106 1 12.3 0.005 

Residual 5.16 106 11 - - 

The p-value is less than a level of significance of 5% (P < 0.05), therefore we reject the theory that the change in 828 

relation between the pattern and the station is due to chance – the change is statistically significant (Table E. 1 829 

Anova table for Semliki stationTable E. 1). For Mpanga, the p-value exceeds 0.05; therefore, the change is 830 

statistically insignificant (Table E. 2). 831 

Table E. 2 Anova table for Mpanga station 832 

 Sum of Squares Degrees of 

freedom 

F-statistic p-value  

Year of observation 1478.4 1 1.89 0.18 

Residual 15681.8 20 - - 

 833 


