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Abstract: The Congo River Basin is the second-largest watershed globally, flowing through nine
countries before reaching the Atlantic Ocean. The Kasai River Basin (KARB), containing about one-
fourth of Congo’s freshwater resources, plays a strategic role in sustaining navigation, food
production, and hydroelectricity generation in Central Africa. A multi-model framework suited for
data scarce regions is applied for climate change impacts on water availability in the KARB to
propose effective development plans in the future. This includes consideration of two conceptual
hydrological models calibrated using four reanalysis datasets and fed with bias-corrected outputs
of 19 climate models under two future Representative Climate Pathways (RCPs). Changes in mean
annual discharge in the KARB from -18% to +3% are projected depending on the considered
modeling configuration. This shows the sensitivity of impact assessment to the choice of models as
well as input data. Moreover, about 9%, 18%, and 13% decline in streamflow signatures (Q10, Q50
and Q90) are projected based on the ensemble of models under RCP 8.5. A decrease of 14% and 5%
in annual hydropower potential of the mainstream is estimated under RCPs 4.5 and 8.5,
respectively. These changes in flows conditions should be considered in decision-making around
constructing reservoirs and hydroelectricity generation.

Keywords: Climate change; Hydrological modeling; Streamflow regime; Reanalysis datasets; Kasai
River Basin; Congo

1. Introduction

Central Africa is a strategic region globally [1,2], containing large tropical rainforests that are
significant carbon sinks and play a critical role in mediating the effects of global warming [3]. The
Congo River Basin in this region encompasses various countries and is the second largest watershed
in the world that includes about one-third of Africa’s freshwater resources. Despite the abundant
water budget, high potential for power production, and rich natural resources, the countries herein
are the least economically developed and face various food and water security challenges [4,5]. On
top of the existing problems, the hydroclimatic conditions of the region have been altered due to the
warming climate, which makes sustainable development highly challenging. Alterations in numbers
and periods of dry and wet days, reduction of water content in rainforests, multidecadal drying
trends in streamflow, increase of temperature by 0.5 °C with a stronger increasing trend in minimum
than maximum temperature and decline of rainfall by 9% during the 20th century are few examples
of changes in the past few decades [6-11]. Continuation of changes in climate can cause severe socio-
economic vulnerability in the region due to the lack of adequate infrastructure, industrialization,
mismanagement, and political issues [10,12-14]. Therefore, understanding the impact of climate
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change on water availability in the Congo River Basin is essential to propose adaptive water and
energy management policies [3].

The impact of climate change can be assessed using the so-called “top-down” approach [15]
based on the projections of General Circulation Models (GCMs), which are downscaled to the spatial
resolution of interest, and fed into impact assessment models [16]. The GCMs simulate the Earth’s
physical processes using various mathematical equations, representing mass and energy transfer
through the climate system [17]. Due to the inconsistency of GCMs projections and the complexity of
the Congo River Basin’s climate system, using an ensemble of climate models is recommended for
impact assessment [3,18,19]. Nevertheless, modeling the impact of climate change on water
availability is highly challenging in the Congo River Basin. One of the main problems is the
availability of sparse or low-quality hydroclimatic data in the watersheds [20,21]. Even if such data
exist, they might be erroneous due to maintenance and operational issues, human errors, and
environmental conditions [8,22]. Indeed, the number of active stations in the Congo Basin region has
been significantly reduced since the independence of the countries in 1960 [23]. Escalating political
issues, lack of infrastructure such as limited transportation networks, and a limited budget for
operation and maintenance are other contributing factors for scarce hydroclimatic stations [21,24,25].
This makes hydrological representation of catchment physical processes difficult even under the
historical conditions in these regions. Hence, some approaches such as regionalization [26], use of
satellite-derived data [27] or reanalysis datasets [28] have been commonly utilized. Reanalysis is a
systematic approach to generate grid-based climate data using data assimilation schemes and models
that are fed by available observational data, which are provided from various sources such as
satellites, buoys, aircrafts, and ship reports [29,30]. The improved quality and homogeneity of the
reanalysis data make them a desirable choice for climate monitoring and research, as well as in
commercial applications particularly in data-scarce regions [28,30]. The hydrological models using
reanalysis can estimate river discharge as good as or even better than the ones using the station data
[31,32]. Given the differences among reanalysis datasets attributed to the inter-model variability,
assimilation approach, and available observations [9,25,33,34], using an ensemble of reanalysis
datasets in hydrological modeling is suggested to reduce the related uncertainty.

In addition to limited data, the complexity of catchments including their size and remoteness
can affect the choice of hydrological models for process representations too [35-37]. The conceptual
models have shown acceptable performance and have been suggested to be used in climate change
impact studies, specifically in data scares regions of the Congo River Basin, due to their simplicity
and lower number of variables compared to the other types [34,38-43]. For instance, using GW-
PITMAN, it is found that the streamflow characteristics will change in the future, but the magnitude
and sign of change are not consistent over the basin [10,19,43,44]. Since the simulation of flow is
sensitive to the structure of hydrological models, and different models may provide varying flow
estimations, it is recommended to use more than one conceptual model for impact assessment [45—
49].

This study aims to assess the impact of climate change on water availability in the Kasai River
Basin (KARB; 897,500 km?2), one of the key watersheds in the Congo River Basin, using an ensemble
of state-of-the-art reanalysis data, two conceptual hydrological models, as well as multi-model
climate projections under different future scenarios. Containing more than 25% of Congo’s
freshwater resources with an average annual discharge of 11500 m3/s at the reaching point to the
Congo River [50], the KARB plays a strategic role in Central Africa’s economic growth, with great
potential in agriculture, hydropower, mining and navigation [51]. The almost unexploited
hydropower resource (~ 68 GW) of the KARB, due to the financial, political, and infrastructural issues
is considered as one of the prioritized components of the sustainable development plan in Africa [51].
However, the high sensitivity of this energy resource to alterations in the streamflow regime makes
the hydropower production vulnerable to changing climatic conditions. Few studies have analyzed
the performance of the water resources system in the KARB in the future [52-54]. While the existing
studies over the Congo River Basin use a single hydrological model [e.g., 19, 34, 43], to the best of our
knowledge a multi-model projection framework has been hindered for impact assessment over the
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KARB. The structure of the paper is as follows. In Section 2, the KARB and its major challenges in
terms of water resources are described. Section 3 includes the framework of impact assessment,
dataset and hydrological models used in this study. Section 4 presents the performance of
hydrological models in the historical period and estimated flow conditions by the end of the century.
The conclusions of the paper are highlighted in Section 5.

2. Case study

The Congo River Basin has an average annual discharge of 40,600 m3/s and covers an area of
about 3.7 x 106 km2 [55], see Figure 1. It encompasses five sub-watersheds, among which the Kasai
River Basin is one of the largest watersheds [7]. Around 72.4% of the KARB is located in Congo, and
the remaining part (southwest) is in Angola [56]. The long-term average annual temperature of the
basin is about 24°C [56], and rainfall varies from 1431 to 1515 mm per year [7]. The Kasai River (KAR),
with a length of 2153 km, is the mainstream [52], originating from the Munyango headwaters in
Angola [44]. The Kwango, Kwilu, and Loange on the left bank of the KAR and Sankuru and Lulua
on the right bank are other key rivers in the KARB with an average flow of 2092, 1207, 427, 2500, and
502 m3/s, respectively [51]. These rivers confluence in Kutu Moke and have an average annual
discharge of 8246 m3/s at the outlet [23], see Figure 1. The main hydrometric station in the KARB is
the Kutu-Moke covering a drainage area of 750,000 km2, about 20% of the Congo River Basin [44].
The basin’s mean annual rainfall, temperature, streamflow discharge, and drainage area are
presented in Table 1.

Table 1. Hydro-climatic characteristics of the KARB.

Climate Streamflow
Mean Average Average Basin Average .
.. . Drainage
. annual minimum  maximum  average . annual
Station . Lo Station area
precipitation temperature temperature precipitation flow (km?)
(mm) &) O (mm) (m/s)
Bandundu 1554 21.4 30.8 Kutu
14 7 7
Kiyaka 1649 20.0 29.3 % Moke 8070 50,000

Containing 360 million cubic meters of the Congo River Basin’s water budget per year, the KARB
plays a key role in the water resource management of the region [50,57]. Currently, around 25% of
the Democratic Republic of Congo’s population resides with unequal distribution in the KARB. While
most of the population still lives in rural areas, urbanization has been considerable in recent decades
[58]. Significant mining resources such as gold, diamonds, and other minerals exist in this region.
Nevertheless, shifting agriculture is the primary source of income for most households, which highly
depends on water availability in the area. In particular, food production is mostly based on rain-fed
agriculture; therefore, any crisis in the basin’s water availability might threaten food security at the
regional scale [59]. The basin is rich in flora and fauna and is home to various animal and fish species,
including endangered habitats [58].

Despite the KARB’s potential for power production, agriculture and rich natural resources,
many households have limited access to electricity, safe drinking water, and health services due to
the poorly developed infrastructures and political issues [60]. Several rapids and waterfalls flowing
into the deep valleys make the KAR and its tributaries strategic for not only navigation purposes but
also for hydropower generation, which can promote the region’s energy supply. However, the only
hydropower plant project in the advanced planning stage is the Katende hydroelectric dam, with a
64 Megawatts (MW) planned capacity [58].

As previously noted, changes in climate have already affected Central Africa, including the
KARB. The Congo River has faced flow instability during the second half of the 20th century
following a remarkable change by a sharp decline in the last decade [8,55,61,62]. In the KARB, rainfall
intensity has dropped by around 9% from 1940 to 1999, with the change of annual rainfall from 1525
mm in 1920-1969 to 1388 mm during 1970-1990 [23]. Such alterations in precipitation have affected


https://doi.org/10.20944/preprints202406.0655.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 June 2024 d0i:10.20944/preprints202406.0655.v1

groundwater storage of the basin and have led to reductions in streamflow discharge [61], e.g., from
8606 m3/s in 1948-1991 to 6943 m3/s in 1992-2012 at Kutu-Moke [7].
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Figure 1. The Kasai River Basin, sub-watershed of the Congo River Basin, in Central Africa, and its
main tributaries. River networks and sub-basins are retrieved from Linke, Lehner [63].

Using the outputs of GCMs, an increase of between 2-6°C in temperature is projected in Central
Africa in the 21st century [3,12,64]. Regarding the precipitation, the projections diverge considerably
[12,65,66], and the changes are not homogenous over the basin. For instance, a decrease in
precipitation in the south and a slight increase in the north are estimated [19]. As a result, no changes
in annual average precipitation over the whole of Central Africa are projected [64]. However, for the
KARB, the median of changes in annual total precipitation is projected to increase by around 10% in
the late 21st century (2071-2100) under a high emission scenario. Reductions in precipitation during
the dry seasons, i.e., June-July-August and September-October-November, are estimated [64]. The
projected rise in temperature and the decrease or no change in the region’s precipitation may lead to
prolonged and more frequent dry periods in the future [64]. Moreover, drought-prone areas in the
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KARB, including savanna parts of the Katanga and the Kasai plateau, are expected to experience
seasonal water shortage in the near future [4].

Diverging changes in the streamflow regime in the KARB are estimated depending on the
rainfall projections and utilized hydrological models [65,66]. For instance, using a global hydrological
model with a spatial resolution of 0.5°, more than half of the GCMs in CMIP3 show a decrease in the
average annual runoff by 2080 over the basin [67]. In another study, a marginal decrease in average
annual runoff in the south and a slight increase (less than 10%) in other regions is projected using a
macro-scale VIC hydrological model, forced with bias-corrected outputs of three GCMs in CMIP3
[68]. Such changes in flow make different sectors, including energy, food security, agriculture,
environment and natural resources vulnerable due to their low adaptive capacity [14]. In these
studies, the streamflow is simulated without considering routing through catchments, which may
not properly represent flow series at a daily scale. Using a SWAT model for the Congo River Basin
and considering an ensemble of GCMs, an increase in the mean seasonal runoff in wet seasons (from
December to May) and a reduction in runoff during the dry period in the KARB (from Jun to
November) but an overall increase in annual runoff of whole Congo River Basin is projected
(Aloysius and Saiers [19]. Nevertheless, there are some limitations in the noted study, such as the
calibration of the model using monthly data due to the lack of observed daily streamflow. While in
our study, the climate change impacts are assessed utilizing the high-resolution GCMs projections,
the focus is also on understanding the importance of using different hydrological model structures
and calibration, which have not been done before for this case study to the best of our knowledge.

3. Materials and Methods
3.1. Framework for Climate Change Impact Assessment

Here, we applied a framework suited to the Central African Basins to assess the impact of climate
change on the KARB, see Figure 2. As previously noted, for these scarce data regions, most studies
suggest using an ensemble of reanalysis data for calibration of hydrologic models [21,24,29].
Therefore, in this study, a set of state-of-the-art reanalysis along with recorded climate data are used
as input to hydrologic models. Moreover, HBV and GR4] hydrologic models are used to simulate
natural streamflow, with the aim of addressing the inherent uncertainty of the hydrological models
and avoiding divergence that may occur using a single model. The calibrated models using these
data are forced with the outputs of an ensemble of GCMs under different future scenarios to project
water availability by the end of the century. Accordingly, the changes in streamflow characteristics
affecting hydropower production are investigated. The historical and future climatic data used in this
study are described in Sections 3.2 and 3.3, respectively. Section 3.4 represents the employed
hydrological models and their calibration and validation procedures.

Conceptual hydrological Ensemble of calibrated
models hydrological models
Calibrated HBV
. ) ) HBV using observed and
Historical climate reanalysis datasets Dl
. aily
Observed daily data — streamflow
series
Reanalysis daily data Calibrated GR4J
GR4J using observed and
reanalysis datasets
Future climate \l/
Ensemble of multi-model T
" . Impact assessment
daily projections under
different future scenarios Projection

Figure 2. Framework to assess the climate change impacts on water availability in the KARB.
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3.2. Station-Based and Reanalysis Datasets

The streamflow data in the outlet, Kutu-Moke station, is obtained from the International
Commission for the Congo-Ubangi-Sangha Basin [23]. Regarding the climate data, the recorded daily
precipitation as well as minimum and maximum temperature for the KARB are obtained from the
National Meteorological Agency of the Democratic Republic of Congo. Table 1 shows the
characteristics of these data. Moreover, the temperature and precipitation data of 4 reanalysis,
namely, ERA5-land, CFSR, JRA55, and MERRA [24,69], are considered in this study, see Table 2.

The temporal variation of daily mean precipitation and temperature averaged over the KARB,
as well as seasonal cycles of climatic data for each reanalysis product and observed data are presented
in Figure 3. Boxplots and lines respectively contain daily and expected daily temperature and
precipitation values over a 30-year period (1981-2010), respectively. Overall, it is evident that the
range of reanalysis datasets is different from each other and observed values, in particular
considering precipitation. This can be due to divergence in the assimilation schemes, ground data
used in assimilation, and/or utilized forecast climate models e.g., [33]. Considering the right panel, it
is clear that over the Kasai watershed, there are two high precipitation periods during March-April-
May (MAM) and September-October-November (SON). However, the magnitude of rainfall in these
wet seasons varies among reanalysis; MERRA is the most inconsistent dataset, which shows higher
differences relative to other datasets. CFSR presents the wettest rainy season, while the JRA-55 data
shows the driest season among reanalysis. Considering the dry season from June to August (JJA), all
reanalysis capture similar distribution rather than the wet season. Figure 3 shows that all datasets are
more consistent in seasonal temperature variation than precipitation, yet the temperature variability
in the MERRA is more than in others. Overall, reanalysis provides reliable precipitation and
temperature data for the river flow simulation.

ERA5-land JRA-55
Daily observed = ------- Observed
CFSR — MERRA
20 16
18 14

16
14

12

10 : 8 I
8 : T 6 |

(@)
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35 30
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o . |
W 25 — % 24
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§ 2 0 |
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Figure 3. Daily precipitation and temperature values over a 30-year period based on the observed and
four reanalysis datasets (Left panel), averaged over the KARB. The right panel shows the observed
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daily (boxplots) as well as expected values (lines) in each month based on observed and reanalysis
datasets, which are averaged over the basin.

Table 2. Utilized reanalysis datasets, their temporal coverage, as well as spatial and temporal

resolutions.

Available .

Dataset Source temporal Spatlal. Tempo.ral Reference
resolution  resolution
coverage
. . . Mufioz-Sabater,

ERA5-land ECMWF 1981-present  0.1°x 0.1 Daily Dutra [70]
Climate Forecast
System NCEP 1979-present  0.5° x 0.5° Daily Saha, Moorthi [71]
Reanalysis (CFSR)
Japanese 55-year Japan Daily
Reanalysis (JRA- Meteorological 1958-present — 1.25°x1.25° Kobayashi, Ota [72]
55) Agency
Modern-Era
Retrospective
analysis for NASA GMAO 19792016 0.5°x0.66° Daily Rienecker, Suarez
Research and [73]
Applications
(MERRA)

3.3. Climate Model Projections

The NASA Earth Exchange Global Daily Downscaled Projections dataset for 19 GCMs are used
in this study [74]. The data include the maximum and minimum air temperature and precipitation
with the spatial resolution of 0.25° from 1950 to 2100 for the historical and future periods. The
projections are available under two Representative Concentration Pathways (RCPs) 4.5 and 8.5,
corresponding to the intermediate mitigation and high emission scenarios, respectively [75]. The
near-term (2021-2040), mid-term (2041-2070), and long-term (2071-2099) horizons are considered to
better discuss the results of impact assessment in the future.

Here, the 19 GCMs simulations during the historical and future periods are compared with each
other and reanalysis datasets in Figure 4. Overall, GCMs have a smaller variability than the reanalysis
datasets, except MERRA, in the historical period, and GCMs have a closer median to ERA5-land.
Regarding the temperature, historical GCMs are similar to ERA5-land and JRA-55 in terms of
variability, with an almost identical median (around 24.5 °C). In general, our analysis reveals that
there is a definite increase in temperature in the future ranging between 1.05-2.1°C and 1.3-4.0 °C
under RCPs 4.5 and 8.5, respectively. These results are consistent with the findings of the previous
studies [3,12,64]. Regarding the precipitation, a slight increase is expected in the long-term future.
The median of projections during the future horizons ranges between 4.33-4.42 mm/day and 4.33-
4.53 mm/day under low and high emission scenarios, respectively. These quantiles present around
1% to 6% increase in the median of daily precipitation with respect to the historical values.
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Figure 4. Comparison of (a) precipitation and (b) temperature in the future based on 19 climate
models under RCPs 4.5 and 8.5 (right) with respect to the historical values of (GCMs and reanalysis
(left) in the KARB.

3.4. Hydrological Models

Asnoted earlier, HBV-MTL and GR4J models are used to simulate daily streamflow in the KARB
due to their simplicity and accuracy [76]. HBV is widely used [77,78] in climate change impact studies
[34,39]. In particular, the model has shown considerable potential for streamflow estimation in
ungauged basins [79,80]. HBV-MTL, a recently modified HBV model by [45], is used here. The main
inputs to this model are daily precipitation, as well as maximum and minimum air temperature. The
model consists of four main modules: soil moisture, surface runoff, interflow, and baseflow
reservoirs. The precipitation, either rainfall or snowmelt, enters the soil moisture module. This
module evaluates effective rainfall contributing to surface runoff, or the water infiltrates the soil used
by vegetation through evapotranspiration. The evapotranspiration is estimated using the Hargreaves
method (Hargreaves & Samani, 1985) because of its simplicity and minimum data requirements
compared to other methods, especially in such a data-scarce region [81]. The remaining water in the
soil is stored in two conceptual reservoirs, the so-called intermediate and deep soil layer, which
gradually releases and forms the intermediate and base flow. Finally, the flow at the watershed outlet
is stimulated by the accumulation of direct runoff, intermediate flow, and base flow routed through
a triangle delay function. For more information about model structure and equations, see
Sharifinejad, Hassanzadeh [45].

The GR4J is a lumped model which estimates runoff based on daily temperature, precipitation,
and potential evapotranspiration data. Unlike HBV, in GR4J, the net precipitation obtained by
subtracting potential evapotranspiration from precipitation is divided into two portions. The model
consists of three modules, namely production storage, routing storage, and two unit-hydrograph
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functions. First, a portion of net precipitation is stored in the production storage, from which the
water percolates gradually, dependent on the soil moisture capacity. Meanwhile, some of the stored
water used by vegetation lead to evapotranspiration. The other portion of the net precipitation
integrates with the percolated water from production storage and contributes to the routing storage
through unit hydrographs. Indeed, the unit hydrographs in the model address the lag time between
precipitation and streamflow generation. In this stage, 10% of the existing water (runoff) is directly
routed to the outlet using a two-sided unit hydrograph, while the remaining 90% is routed indirectly
through the groundwater exchange using a one-sided unit hydrograph. More details about the model
structure and equations can be found in Perrin, Michel [82].

The model parameterization includes a few steps. In brief, the data during the historical period
is divided into three parts for model warm-up, calibration, and validation. The first year of data is
used for warm-up to allow model states to tune out based on the initial conditions of the watershed
[78,83]. The 66% and 34% of the remaining data are used for model calibration and validation,
respectively, based on the split-sample test [45,84]. The two hydrological models are calibrated
against observed streamflow using an ensemble of climate datasets during the historical period,
including station-based data as well as four reanalysis, ERA5-land, CFSR, JRA55 and MERRA.
Accordingly, the models’ performance is evaluated based on the Kling-Gupta Efficiency (KGE)
measure [85], and the value of parameters are obtained for each model. The KGE presents a more
comprehensive comparison between the estimated and observed values using different statistical
criteria, namely standard deviation, mean and Pearson correlation coefficient, which are shown as a,
 and r in the following equations (Eqsl, 2, and 3). As shown in Eq. 4, these criteria are combined in
the KGE in a more balanced way using the Euclidean distance measure compared to other measures
such as Nash-Sutcliffe Efficiency [86]. The calibration and evaluation of the models are done

O, O
considering this measure at daily and annual scales (Eq. 5). In Equation 1to 3, * and ¢ are the

standard deviation of simulated and observed flow, $ and O are the mean simulated and

observed flow, ! and ! are simulated and observed flow, respectively.

o,
a=— (1)

GO

S
== P)

F=5
o 2.0-0)5-9) o

J&.0,-0) (S, - 5))

KGE =1-J(1—a)* +(1- B +(1—r)’ (4)
Obj = Min (- KGE,,,)* +(1- KGE,,..)} 5)

The Shuffled Complex Evolution algorithm (SCE-UA) is used to calibrate the hydrological
models [87,88]. In this method, the optimized parameter set is found based on a combination of
random [89] and deterministic approaches [90], clustering [91] and competitive evolution [92]. The
optimized parameter sets are found in a natural evolution process through a global search. A
population (parameter sets) is randomly sampled from the feasible space and then partitioned into
several complexes that will evolve independently through the complex, competitive evolution
technique. To avoid reaching local optima, the entire population is shuffled, and the information of
complexes is shared. These processes are repeated since the convergence criteria are satisfied. In this
study, 50 populations are selected randomly from the feasible space based on the parameter sets’
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range and are divided into five complexes. The evolution and shuffling of the independent complexes
are repeated until the maximum iteration of 100. As a result, the best parameter sets with the smallest
value for the considered objective function (Eq. 5) are obtained. This ensemble of parameter set is
called “optimal parameter set” leading into “optimal flow simulation”. Beside the use of global
optimization in calibration of the models, to avoid the probable underestimation of the parametric
uncertainty [93,94], the Generalized Likelihood Uncertainty Estimation (GLUE) is used [95-97].
GLUE is a statistical method employed in hydrological modeling for quantification of uncertainty
attributed to the model parameters. Hence, instead of having one optimal parameter sets, there will
be a range of acceptable parameter sets based on considered objective function. For this purpose, the
initial parameter sets are selected randomly from the feasible range of parameters using a uniform
probability distribution. The KGE is used as the statistical criteria to quantify the closeness of
simulated and observed flow and find the acceptable parameter sets. Considering both daily and
annual scale the value of KGE should be larger than 0.5 to select the “acceptable parameter sets”.
10000 iterations are considered to generate the parameter sets. Using these “acceptable parameter
sets”, an ensemble of “acceptable streamflow” for each model are estimated.

4. Results
4.1. Performance of the Hydrological Models during the Historical Period

Based on the availability of daily streamflow and climate datasets, 1980-1991 is considered as
the historical period for streamflow simulation. The HBV and GR4] models are calibrated using the
observed as well as four reanalysis datasets. The performance of these models in reproducing the
observed streamflow is assessed using the KGE measure, see Table Sl in the Supplementary
Materials. The low KGE values, i.e., less than 0.4 and 0.2 for HBV and GR4] models, are not
acceptable, which can be attributed to the low quality of the observed station-based data, demystified
in various studies [19,35]. Hence, these models are not considered for impact assessment. However,
the calibrated models using the reanalysis datasets provide reasonable results. Figure 5 shows the
daily and annual time series of the observed and simulated flow using HBV (left) and GR4]J (right)
models fed with the four reanalysis datasets during the calibration and validation periods,
respectively. Considering the simulations, both the optimal and an ensemble of acceptable flow
series, corresponding to their parameter conditions, noted in Section 3.4, are presented. Both
seasonality in discharge and overall distribution of discharge (monthly hydrograph) are simulated
well. Moreover, the KGE values above 0.5 for all 8 configurations indicate that these models perform
better than the calibrated models using the observed data, which is concluded by other researchers
as well [31,32].
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Figure 5. Observed and simulated daily and annual flow during the historical period at the outlet
using four reanalysis datasets forced to HBV (left) and GR4]J (right) models.

However, the performance of the models varies depending on the applied reanalysis datasets
for calibration as well as the considered hydrological model [98,99]. Considering both daily and
annual time series, it seems that the calibrated models with ERA5-land datasets perform better, in
particular, in representing the peak flow timing and magnitude and low flows. Conversely, the
models calibrated with MERRA show a larger discrepancy in estimating flow discharge. The impact
of input data on flow simulation is more evident at the annual scale. For instance, both HBV and
GR4] models using the CFSR dataset continuously underestimate the annual flow during the
historical period, while the calibrated models using JRA-55 estimate streamflow more accurately than
with the CFSR dataset. It is noteworthy to mention that the ERA5-based models more precisely
simulate annual flow by around half relative error than other datasets. Besides the input data, it is
clear that the structure of the hydrological models is critical in simulating streamflow. For instance,
using the MERRA dataset, the HBV model during the validation period (1989-1991) underestimates
annual flow while the GR4] model overestimates it. In addition, the GR4] model better reproduces
the daily flow with a lower relative bias (0.05) than HBV (0.1) and a higher Correlation Coefficient by
0.05 difference, given the ERA5-land dataset. Considering the long-term annual hydrograph of
simulated and observed flow (Figure 6), in the wet season (March-April-May), the HBV model
calibrated with ERAS5 simulates high flows more accurately than other models (with 2% bias
respecting the observed ones), while GR4J] with the same dataset (ERA5-land) show a larger
difference in the simulated peak flow with observations by around 7% bias. Meanwhile, the largest
bias in estimated flow in the wet season is related to the GR4] model calibrated using the CFSR.
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Figure 6. Observed (dashed line) and simulated long-term annual hydrographs (solid line and shaded
areas) during the historical period at the outlet using different reanalysis datasets forced to HBV (left)
and GR4J (right) Models.

To better understand the differences between the models, the envelopes of simulated flow
considering all reanalysis using HBV and GR4]J are shown in Figure 7 in the top and bottom rows,
respectively. Considering the ensemble of acceptable flow, the GR4] model presents a wider range of
values and overestimates daily flows than the HBV model. During the wet season, GR4] estimates
higher values for annual peak flow, e.g., greater than 15000 m3/s, while the low flows are
approximately the same for both models. It is evident that the shape of the annual hydrograph
obtained from the HBV model is more consistent with the observed one, in particular in the first
quarter of the year. However, the difference between the two models, HBV and GR4]J, is negligible
(less than 5% difference considering the mean annual hydrographs). Since the differences among the
performance of these 8 configurations are not significant, all of them are used for impact assessment.
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Figure 7. Comparison between the simulated (solid line and shaded areas) and observed (dashed line)
expected daily (left) and annual (right) hydrographs at the outlet during the historical period using
four reanalysis datasets in the calibration of hydrological models HBV (top) and GR4] (bottom).

4.2. Projected Streamflow Conditions under Changing Climate

The outputs of 19 climate models under RCPs 4.5 and 8.5 are fed to these eight hydrological
models to estimate the flow in the KARB during the future horizons. The observed and projected
mean annual streamflow hydrographs at the basin’s outlet under RCP8.5 using HBV and GR4J
models calibrated with four reanalysis are presented in Figure 8. The right panel in this figure shows
all projected flows under these 8 configurations. The results for RCP4.5 are depicted in Figure S1 in
the Supplementary Materials. Overall, the models show changes in flow conditions; however, the
estimated rate of change depends on the considered modeling configuration. For instance, the rate of
decrease is more considerable based on the HBV than GR4] model. Indeed, the projected flow using
GR4]J, an ensemble of 4 configurations, presents no change in the near term and midterm future and
a slight increase in the long term under a high emission scenario. Such divergence between the results
of these two models can be logical due to the noted differences in the structure and performance of
these models during the historical period.
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Figure 8. Observed (dashed line) versus projected ensemble (shaded area) and expected (solid line)
mean annual flow hydrograph at the basin’s outlet under RCP8.5 using HBV (left) and GR4J (middle)
models calibrated with four reanalysis, and all configurations (right) using the outputs of 19 GCMs.

Considering the impact of reanalysis, the models calibrated using ERA5-land, CFSR, and JRA-
55 show almost similar hydrographs. In contrast, MERRA-based models have considerably different
hydrographs in shape and high flow magnitudes showing an increase in future high flows. The mean
of projections based on all 8 model configurations (right panel) reveals a slight decline in streamflow
volume with no change in peak flow timing at the outlet of KARB under RCP 8.5. Regarding the RCP
4.5, one week earlier peak flow is projected for the mean annual flow during all future horizons. This
reduction in flow might be due to a decrease in rainfall and an increase in the evapotranspiration
caused by temperature rise. These findings are consistent with the previous studies for the Congo
River Basin [19,64,67,68]. For instance, Aloysius and Saiers [19] estimated prolonged periods of low
flow and runoff decline in the southern headwater areas due to rainfall decrease in comparison to
their reference period of 1986-2005. They also found a runoff increase of 10.4% over the whole
southwestern region under RCP8.5 during 2046-2065.

Such decreases in streamflow discharge can affect water resources management in the KARB.
Here, the changes in 90th (Q90), 50th (Q50), and 10th (Q10) percentiles of flow are analyzed to have
a better understanding of flow conditions in the future based on individual and all model
configurations. For this purpose, the observed (recorded) and simulated annual flow duration curves
(i.e., empirical cumulative probability distributions of flow in each year) are found during the
historical and future horizons. The long-term mean annual quantiles for the observed flow are
calculated by averaging these values over the historical period. Regarding the future period, the
annual values are found under each and all 8 model configurations considering the optimal and
acceptable parameter sets under RCPs 4.5 and 8.5 and 19 GCM outputs. The relative changes between
these future annual quantiles under RCPs 8.5 and 4.5 and the long-term historical value are presented
in Figures 9 and S2 in the Supplementary Materials, respectively. The results are shown per model
configuration, as well as the ensemble of values per each hydrological model, followed by a boxplot
containing values per all configurations.
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Figure 9. Relative changes between the estimated annual streamflow quantiles by individual and all
model configurations fed by outputs of 19 GCMs under RCP8.5 with respect to the long-term average
historical value.

While an overall decrease in all three flow signatures is projected considering the ensemble of
all eight models, the magnitude and sign of change vary among configurations. Interestingly,
considering the long-term horizon under RCP 8.5, the high flow is expected to decrease by 40% by
HBV-ERA5 and 22% by GR4J-ERA5, whereas the MERRA-based models estimate an increase of 50%
by HBV and 57% by GR4] for Q50. Indeed, the model calibrated with MERRA datasets shows
completely different changes than the models calibrated with other reanalysis datasets. This model
overestimates the high flows during the historical period too. Figure 9 also shows that the GR4]J-based
models estimate a larger range of change in quantile than HBV ones. Moreover, although both models
project a decline in Q10, Q50 and Q90 in all future horizons; the percentage of reduction based on
HBYV models is more intense. For example, the Q50 is projected to decrease on average by -23% based
on HBV and -1% by GR4] models under RCP 8.5 and in the late century. The results based on all
model configurations (black boxplot) reveal a decline of 9%, 18%, and 13% for the low, median, and
high flow, respectively, under RCP 8.5. These ranges of reduction are larger under RCP4.5, i.e., -24%
for Q10, -28% for Q50 and -25% for Q90, respectively, see Figure S2 in the Supplementary Materials.
This is mainly because of the higher rate of increase in mean precipitation relative to the historical
period under RCP8.5 than RCP4.5, see Figure 4(a).
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As previously noted, the values of high flows are particularly important for the estimation of
potential hydropower production in this region. Therefore, here the trend in annual Q90 is analyzed
over 2021-2100, which is estimated using the individual and all model configurations, given the
acceptable and optimal parameter sets, fed by 19 GCM outputs under RCPs 4.5 and 8.5, see Figure
10. The long-term average annual Q90 equal to 12030 m3/s during the historical period is shown as
the benchmark (reference value). The projected trend in high flow by the ensemble of models reveals
a slight decline in hydropower potential. It is apparent that the estimated values and trends of Q90
in the future significantly differ among the model configurations. In particular, the MERRA-based
model notably shows a different trend than others. The calibrated models with ERA5-land and JRA-
55 estimate a decrease in high flow over the whole century under both scenarios. Besides, it is
noteworthy to mention that the estimated Q90 values by the GR4J using CFSR show almost no change
under RCP 4.5 and slight increase under RCP 8.5 from the mid to the end of the century. In
comparison, the trendline for Q90 based on the HBV-CFSR model remains below the reference level
over the whole century under both emission scenarios. Indeed, the expected values of Q90 based on
all models (right panels) remains below the reference level under RCP4.5, whereas it reaches the long-
term historical quantile by 2058 and slightly increases by the end of the century under RCP8.5.

Mann-Kendall trend test [100], a commonly-used nonparametric method in climate analysis [see
Kaemo et al., 2022; [101]], is employed to understand the trend and determine its significance. The p-
values and trend slope of expected future annual Q90 calculated for individual, and all configurations
are presented in Table S2 in the Supplementary Materials. The results of the significance test reveal
an increasing trend in high flow based on the ensemble of all models under both RCPs 4.5 and 8.5
with the significance level of 0.05 and p-value of 4.5E-10 and 1.5E-18, respectively. Notably the slope
of trend line under RCP8.5 is double compared to RCP4.5. These changes in streamflow conditions,
particularly high flows, mean that the decisions around constructing reservoirs and hydroelectricity
generation should take into account the impacts of climate change.
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Figure 10. The ensemble (shaded area) and expected (solid line) values of annual Q90 in the future
under RCPs 4.5 and 8.5 based on calibrated HBV (blue) and GR4J (pink) models using four reanalysis
datasets (left) and all 8 model configurations (right). The dashed line shows the long-term annual Q90
values during the historical period.
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Here, the gross hydropower potential for both present and future periods is estimated to provide
an overall indication of the relative changes in the basin [102,103]. The amount of hydropower
generated from the flow with the discharge of Q and head difference of H can be estimated by

P=pgQOHi , where P is the power, @ is the density of water, g is the gravity acceleration, and n is
the overall efficiency of the turbine. The theoretical hydropower production is estimated by
considering the natural drop of the KARB mainstream for the head, which is 1120 m [51]. The mean
of annual high flow (Q90) obtained from the ensemble of all of 8 model configurations in the future
is used as Q, which is equal to 10332 and 11436 m3/s under RCPs 4.5 and 8.5, respectively.
Accordingly, the relative change in the theoretical hydroelectric generation between future and
historical periods is calculated. Assuming that the efficiency coefficient of 0.7 is resealable, the result
reveals that the theoretical potential of the basin will decrease by around 14% and 5% under RCP4.5
and RCP8.5, respectively, in the long-term future. Such changes in hydropower potential should be
considered in energy supply and development plans.

5. Summary and Conclusions

This study assesses the possible impacts of climate change on streamflow characteristics and
hydropower potential using a multi-model framework over the KARB, an important watershed in
the Congo River Basin, Central Africa. For this purpose, two conceptual hydrological models, HBV
and GR4], which are calibrated using four reanalysis products, are fed with 19 GCMs’ bias-corrected
outputs under two emission scenarios, RCPs 4.5 and 8.5. Results reveal that both hydrological models
calibrated with different reanalysis datasets can simulate the observed flow in the KARB with
acceptable performance. Considering both daily and annual time series, the calibrated models with
ERADS5-land datasets perform better, particularly in representing the peak flow timing and magnitude
and low flows. Our simulations under climate change scenarios show that flow discharge is likely to
decrease with no change in peak timing and seasonality. However, the estimated magnitude of
change depends on the considered configuration, i.e., hydrological model and the reanalysis dataset
used for calibration and the future scenario. Overall, changes in mean annual discharge ranging from
-18% to +3% at the outlet of the basin in the future is estimated in comparison to observed values.
Among model configurations, MERRA-based models and GR4J-CFSR-based models show an
increase in annual hydrographs while others are similar with a declining trend. Considering flow
signatures, while an overall decrease in all three quantiles (Q10, Q50, and Q90) is projected based on
the ensemble of all 8 modeling configurations, the magnitude and sign of change vary among
configurations. Given the importance of high flow (Q90) in hydropower potential analysis, our
analysis reveals that Q90 will be decreased by 25% and 13% under RCPs 4.5 and 8.5, respectively,
with respect to the long-term average historical value. Consequently, the theoretical hydropower
potential is expected to decline by 14% and 5% under low and high emission scenarios, respectively.
In addition, trend analysis reveals that annual power potential follows a significant increasing trend
between 2021-2100 based on the ensemble of all models with a p-value of 4.5E-10 and 1.5E-18.
Although the mean annual flow’s magnitude is below the reference line (long-term average historical
value) during the future period, its trend is positive toward the end of the century. Moreover,
although the projections show a decline in annual high flow, these decreased rates are not likely to
make a major water supply issue for hydropower generation. Based on the ensemble of all models,
the average decrease in low flow (Q10) is projected by 24% and 9% in the long-term future under
RCP4.5 and RCP8.5, respectively. This decline in low flow might affect navigation, which has already
been threatened by climate change over the KARB, reported by CICOS [104]. The changes in low and
high flow can also have implications for aquatic life, channel maintenance, and flooding. Hence, the
water managers should consider these changes in policymaking and water allocations.

Our study is the first step toward a multi-model climate change impact assessment in the Congo
River Basin and has some limitations. In the future research with the ongoing field measurements
that CICOS has planned within the KARB, one may apply hydrological models with different
catchment representations (both lumped and semi-distributed models) or include more models to
estimate flow. Furthermore, in this study, the GCMs outputs based on CMIP5 project is used. It is
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recommended to use other climate model outputs that are recently released, i.e., CMIP6, to better
highlight the probable future conditions of the basin. Such analysis in the context of the applied
framework can also be extended to analyze the vulnerability of other catchments in the Congo River
Basin to provide an integrated impact assessment within the whole basin conditions. This integration
can provide policymakers with more comprehensive knowledge for water resources, energy,
agriculture and ecosystem management. Notably, the flow projections of this study account for
changing climate and can be considered a part of an investigation of multiple stressors on water
resources. It is also suggested that other key aspects such as population growth and rising water
demand be considered in the development of adaptation policies.

Author Contributions: Conceptualization, S.L., E.H., and M.F; methodology, S.L., S.Z., EH., A.S., and M.F;
validation, S.L. S.Z. E.H., and M.F; formal analysis, S.L.; investigation, S.L; resources, S.L., S.Z., EH., A.S,, and
M.F and E.H.; data curation, S.L.; writing —original draft preparation, S.L and E.H.; writing—review and editing,
S.L., S.Z, EH., AS, and M.F; visualization, S.L. A.S., E.H; supervision, E.-H. and M.F; project administration,
E.H., and M.F. All authors have read and agreed to the published version of the manuscript.

Funding: This research was partly funded by NSERC (RGPIN-06979-2020), held by the fourth author.

Data Availability Statement:

The historical hydrometric data for the outlet, Kutu-Moke station, was obtained from the International
Commission for the Congo-Ubangi-Sangha Basin (CICOS). Regarding the climate data, the recorded daily
precipitation as well as minimum and maximum temperature for the KARB was obtained from the National
Meteorological Agency (METTELSAT) of the Democratic Republic of Congo. The temperature and precipitation
data for four reanalyses, namely ERA5-land, CFSR, JRA55, and MERRA, are freely available from the following
sources: ® ERA5-land: https://www.ecmwf.int/node/18714, accessed on 10 October 2018 ¢ CFSR:
http://cfs.ncep.noaa.gov/cfsr/, accessed on 17 August 2018 ¢ JRA55:  https://rda.ucar.edu/datasets/ds628.0,
accessed on 10 August 2018 ¢ MERRA: https://disc.sci.gsfc.nasa.gov/mdisc, accessed on 02 August 2018. The
climate model projections are freely available from NASA Earth Exchange Global Daily Downscaled Projections
at https://www.nccs.nasa.gov/services/data-collections/land-based-products/nex-gddp, accessed on 7 July 2021.
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