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Abstract: Climate change will have large impacts on water resources and its predictions are fraught
with uncertainties in West Africa. With the current global drive for renewable energy due to climate
change, there is a need for understanding the effects of hydro-climatic changes on water resources
and hydropower generation. A hydrological model was used to model runoff inflow into the largest
hydroelectric dam (Kainji) in the Niger Basin (West Africa) under present and future conditions.
Inflow to the reservoir was simulated using hydro-climatic data from a set of dynamically downscaled
8 global climate models (GCM) with two emission scenarios from the CORDEX-Africa regional
downscaling experiment, driven with CMIP5 data. Observed records of the Kainji Lake were used to
develop a hydroelectricity production model to simulate future energy production for the reservoir.
Results indicate an increase in inflow into the reservoir and concurrent increases in hydropower
production for the majority of the GCM data under the two scenarios. This analysis helps planning
hydropower schemes for sustainable hydropower production.

Keywords: climate change; hydropower; Kainji Lake; uncertainties

1. Introduction

Continuation of the use of fossil fuels is set to face multiple challenges that include depletion of
fossil fuel reserves, environmental concerns, geopolitical and military conflicts as well as instability
in fuel prices. The aim of harnessing hydropower and other renewable energy is to focus on the
provision of sustainable energy for the economically subjugated fraction of the society, combat energy
shortages and provide clean energy from the perspective of the Kyoto directive towards global
decarbonization [1]. Hydroelectricity comes from the conversion of potential energy of water through
turbines and an electric generator system [2]. Electricity generation from hydropower makes a
substantial contribution to meeting today’s increasing world electricity demands. However, only about
4 per cent of Africa’s technically feasible hydro-potential has been developed, and enormous efforts are
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now being made across the African continent to create an enabling environment for private investment;
this is regarded as a major hope for energy development on a large scale [3]. For several decades, most
West African countries have suffered from electricity shortages, which constitute a serious handicap
for their socio-economic development [4]. The situation has worsened during the last years due to
human activities and climate change. Among other sources of energy; natural gas, bio-fuel, wind, solar,
etc., hydropower is found to be of high sustainability for energy production [2].

Climate patterns in West Africa have been fraught with high uncertainties. Climate patterns in
the historical periods are not properly documented [5], and satellite-based observations have been
identified with inherent biases [6]. This has led to contradictory results from climate trend studies at
local and sub-regional scales [7]. For future conditions, no consensual agreements of either higher
or lower rainfall emerge from global climate model (GCM) products [8]. This was attributed to the
complexity of regional climates and the influence of regional geographic features, such as deserts, land
cover variations, mountain chains, large lakes, land-sea contrasts and the sea surface temperatures
(SSTs) of the surrounding oceans [6]. With the engagement of the Niger basin (West Africa) countries
for future expansion of hydropower production [9], there is a critical need for comprehending the
influence of future hydro-climatic changes on water resources and hydro-power generation in the basin.
This study uses a hydrological model to simulate water inflow under present and future conditions
and to evaluate the impacts of potential hydro-climatic changes on electricity production of the largest
hydroelectric dam (Kainji) in the Niger Basin. The Kainji dam produces 12 per cent of the current
energy needs of Nigeria [1] and is subject to large fluctuations in energy production as a result of
variable inflow and other operational reasons. The objectives of the study are to:

‚ Develop a hydroelectricity production model;
‚ Quantify uncertainties in modeling the impacts of climate change on hydrological properties and

hydropower production.

2. Materials and Methods

2.1. Study Area

The Niger River Basin covers 2.27 million km2, with the active drainage area comprising less
than 50% of the total [10]. At 4200 km in length, the Niger River is the third longest river in Africa
and the world’s ninth largest river system. The upstream area of the evaluated lake (Figure 1) covers
about 1.61 million km2. Rainfall ranges from 250 to 750 mm/year in the catchment with the length of
the rainy season varying from 3 to 7 months [11]. Two flooding regimes are prominent in the basin.
During May to October, runoff from northern Benin and some parts of Niamey produce the white
flood that arrives at Kainji with a maximum flow of about 3500 m3/s (based on observations from 1980
to 2010). In November, a second flood known as the black flood comes from the river source region
of high annual rainfall with a maximum flow of about 2000 m3/s (based on observations from 1980
to 2010).

The Kainji lake is the largest hydropower dam in the basin and resulted from a multipurpose
dam project installed in 1968 (Figure 1). The purposes of the reservoir include power generation,
navigation, flood control in the Niger valley, and fishery with an estimated fishery production of over
10,000 tons annually. The reservoir has a total storage volume of 15 km3 and a surface area of 1270 km2

at maximum water surface elevation [12]. Kainji dam has a total installed capacity of 760 MW [12] and
supplies 12 per cent of the total electricity of Nigeria [1]. The reservoir storage at Kainji relies mainly
on the two earlier described flooding regimes (white and black floods).

2.2. Modeling Framework

The scheme used in simulating hydropower production is described as follows. Bias corrected
dynamically downscaled GCM datasets were used to drive a hydrological model to generate historical
and future reservoir inflow. The inflow was then used to predict the water level by simulating reservoir
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operations of the dam. The water level was finally used along with other dam properties in projecting
future hydropower production.Climate 2016, 4, 34 3 of 14 
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2.3. Inflow Model Description

The model used in the present study is a lumped parameter, conceptual rainfall-runoff model,
based on a unit hydrograph [13], which was implemented in the R package “Hydromad” [14].
Application of a lumped model is easy because it requires only precipitation and evapotranspiration
as input data, with little computation and calibration time. On the other hand, physical based models
require more atmospheric data, soil data, and land cover data that are either not available or are of
limited quality in the region. The model consists of two modules, a non-linear IHACRES loss module
to compute conversion of rainfall to effective rainfall. Generally, a sufficient configuration of the
IHACRES model in semi-arid regions or for ephemeral streams is a one store-loss module with a
simple linear routing model [15]. In this study the IHACRES simple linear routing model was replaced
with the auto-regressive, moving average, with exogenous inputs (ARMAX) model [16] to route the
effective rainfall to streamflow. This was due to the superiority of the (ARMAX) models over simple
linear models witnessed in different catchments around the World [17]. The loss module is defined by
just five parameters, which together predict daily effective rainfall [18], while the ARMAX routing
module has an additional four parameters [16].

The loss module involves calculation of an index of catchment storage (sk), at each time step k
(daily in this paper) based upon an exponentially decreasing weighting of precipitation and potential
evapotranspiration (PET) (or temperature) conditions [15,18]. It is a metric-type model, where rainfall
effectiveness is proportional to a simple antecedent moisture index, and the output is scaled to enforce
mass balance [19]. During model calibration, four of the five soil moisture parameters (storage/soil
moisture index (sk) scale (c), modulating factor ( f ) and moisture threshold (l)) were determined directly
from the raw rainfall, streamflow and temperature/PET data. The remaining parameters are power on
soil moisture (p) and the ARMAX routing parameters (auto-regressive terms a and moving average
terms b). The effective rainfall uk was computed from incidence precipitation rk, PET Ek, drying
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rate twk and storage/soil moisture index sk as described by Ye et al. [15], Jakeman et al. [18] and
Andrews [19].

uk “ cˆ psk ´ lqp
ˆ rk (1)

sk “ p1´ 1{twkq ˆ sk´1 ` rk (2)

twk “ twˆ exp p´0.062ˆ f ˆ Ekq (3)

The effective rainfall was routed to streamflow (xk) using the following ARMAX transfer
function [16].

xk “ a1xk´1 ` ... ` anxk´n ` b0uk´d ` ... ` bmuk´m´d (4)

The order is denoted (n, m), with delay d.
Additional information on the loss module can be found in Ye et al. [15], Andrews [19] and

Jakeman and Hornberger [18] while the ARMAX routing module is well described by Andrews [16].
In this study, the optimum model parameters were obtained by an automatic calibration with the
“fitByOptim” algorithm in R [14], which selects the optimum parameters that give the best preferred
model performance statistics—here taken as the Nash Coefficient. The observed and simulated inflow
was compared using the following efficiency coefficients: Nash-Sutcliffe Efficiency (8 ď NSEď 1) [20],
Index of Agreement (0 ď d ď 1) [21], Modified Index of Agreement (0 ď md ď 1) [22], Pearson
Correlation coefficient (´1ď rď 1) [22], Coefficient of Determination (0ď R2 ď 1) [22] and Kling-Gupta
efficiency (0 ď KGE ď 1) [23].

2.4. Hydropower Model Development

Daily hydrological data (reservoir inflow, reservoir release, and reservoir level) of the Kainji
reservoir were obtained from Kainji Hydroelectric PLC from 2001–2010 (maximum length of data
made available). These were used to develop a hydroelectricity production model to simulate future
energy production for the Kainji reservoir (Figure 1). The hydropower model is described below:

The water balance of the reservoir was modeled as:

BS
Bt
“ I ´D` P´ E (5)

S is the reservoir storage at time t (daily in this study) (m3)
I is the reservoir inflow (m3/s)
D is the amount of water released out of the reservoir to the turbines (m3/s)
P is the lake area precipitation (m3)
E is lake evaporation (m3)

There is no large-scale water abstraction around lake Kainji; however, small scale farmers and
individuals take water for local uses. This small scale abstraction was ignored in the simulation due to
unavailability of records.

D was calculated by simulating the reservoir management of the dam with the approach of
Proussevitch et al. [24] displayed in Figure 2.

The rule consists of two segments:

(1) Rule at reservoir storage below optimal level (80% full, Figure 2): Logarithmic behavior

D “ Dmin ` ln pkS9 ` 1q at S ă Soptimal (6)

(2) Rule at reservoir storage above optimal level (80% full, Figure 2): Exponential behavior

D “ exp
ˆ

b
´

S´ Soptimal

¯2
˙

at S ě Soptimal (7)
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Dmin = Minimum environmental flow (20% of average annual reservoir inflow) (m3/s).
S = reservoir storage (m3)

k “
1

Soptimal
9 rexp p1´ Dminq ´ 1s (8)

b and α are model parameters.
Reservoir level of the dam was estimated from reservoir storage using the level-storage

relationship of a dammed river [25] shown below:

Reservoir level “ m

d

Storage
Cv

(9)

where m and Cv are constants calibrated as additional model parameters.
Energy production was calculated from the simulated reservoir level using the hydropower

equation [26]:
P “ eρDgh (10)

where

P is power in watts (W).e is the dimensionless efficiency of the turbine (taken as 80% of installed
capacity).
ρ is the density of water (kg/m3).
D is the water released to the turbine (m3/s).
g is the acceleration due to gravity (m/s2).
h is the water level above the turbine (reservoir level) (m).
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The observed and simulated reservoir level was compared with the same efficiency coefficients as
the inflow model (presented earlier).

2.5. Observed Data

The inflow model requires daily precipitation and PET. The Global Precipitation Climatology
Project (GPCP) daily precipitation [27] and PET computed from Modern Era Retrospective-analysis
for Research and Applications (MERRA) 2 meter temperature [28] were used as boundary conditions.
The selection of the products was motivated first by their availability over the region of interest and
the fact that they are commonly used in hydrological research studies [29–31]. The Hamon model [32]
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was used for computation of PET from MERRA temperature due to a recent finding that very simple
PET models relying on mean daily temperature are effective [32]. Catchment boundary of the Niger
basin was obtained from Hydrosheds [33]. Upstream area and boundaries of the Kainji basin (Figure 1)
was delineated with a preconditioned DEM from Hydrosheds using the Hortonian drainage networks
analysis [34].

Rainfall and temperature distribution in West Africa have been attributed to the back and forth
movement of the Inter Tropical Convergence Zone (ITCZ) [35]. The movement of the ITCZ follows
the position of maximum surface heating associated with meridional displacement of the overhead
position of the sun; lower latitudes experience higher rainfall and lower temperature, whereas higher
latitudes experience lower rainfall and higher temperatures. This creates large rainfall and temperature
gradients across latitudes, which were considered by computing basin rainfall and temperature as the
weighted average of all grid boxes by latitudes.

2.6. Future Projections

Rainfall data from a set of 8 CMIP5 GCMs (Table 1) with two emission scenarios were
used. The GCMs were downscaled to 0.45˝ ˆ 0.45˝ resolution with the SMHI-RCA (Sveriges
Meteorologiskaoch Hydrologiska Institute) Regional Climate Model (RCM) within the CORDEX-Africa
regional downscaling experiments. CORDEX is a program sponsored by World Climate Research
Program (WCRP) to develop an improved framework for generating regional-scale climate projections
for impact assessment and adaptation studies worldwide within the IPCC AR5 timeline and
beyond [36]. The climate projection framework within CORDEX is based on the set of new global
model simulations planned in support of the IPCC Fifth Assessment Report, referred to as CMIP5 [37].
This set of simulations includes a large number of experiments, ranging from new greenhouse gas
scenario simulations for the 21st century, decadal prediction experiments including the carbon cycle
and experiments aimed at investigating individual feedback mechanisms [37]. These simulations are
based on the reference concentration pathways (RCPs), i.e., prescribed greenhouse-gas concentration
pathways throughout the 21st century, corresponding to different radiative forcing stabilization levels
by the year 2100. Within CMIP5, the highest-priority global model simulations have been selected to
be the RCP4.5 and RCP8.5, roughly corresponding to the IPCC SRES emission scenarios B1 and A1B,
respectively. The same scenarios are therefore also the highest priority CORDEX simulations [36]. In
this study, basin projection data were extracted as described in section 2.5. (Observed Data). Future
PET was also computed from extracted temperature with the Hamon’s model described earlier.

Table 1. List of CMIP5 models considered in the study.

Modeling Center (or Group) Institute ID Model Name

Canadian Centre for Climate Modeling and Analysis CCCMA CanESM2

Centre National de Recherches
Météorologiques/Centre Européen de Recherche et
Formation Avancée en Calcul Scientifique

CNRM-CERFACS CNRM-CM5

NOAA Geophysical Fluid Dynamics Laboratory NOAA GFDL GFDL-ESM2M

Met Office Hadley Centre (additional HadGEM2-ES
realizations contributed by Instituto Nacional de
Pesquisas Espaciais)

MOHC HadGEM2-ES

Atmosphere and Ocean Research Institute (The
University of Tokyo), National Institute for
Environmental Studies, and Japan Agency for
Marine-Earth Science and Technology

MIROC MIROC5

Max-Planck-Institut für Meteorologie (Max Planck
Institute for Meteorology)

MPI-M MPI-ESM-LR

Norwegian Climate Centre NCC NorESM1-M

EC-EARTH consortium EC-EARTH EC-EARTH
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2.7. Evaluation and Bias Correction of RCM/GCM Data

Bias correction aims at eliminating systematic errors in the climate model data when compared
against historic observations [23]. It relies either on computing the difference between satellite
and gauge precipitation where gauge measurements are available or on a combination of several
satellite-based estimates in regions with no gauges [23]. In line with the study of Ravazzani et al. [38],
bias correction of precipitation and temperature RCM-GCM datasets was done with quantile
mapping [39] at a monthly time step.

3. Results

3.1. Model Calibration

The models were calibrated from 2001–2005 and validated from 2006-2010. The following
optimum inflow model parameters were deduced from automatic calibration between simulated
and observed reservoir inflow: 0.75(tw), 0.24(f), 148.89(c), 0 (l), 1 (p), 1.98 (a_1), ´0.98 (a_2), 0.01
(b_0), ´0.01 (b_1). This resulted in high calibration correlation efficiency values of 0.72 (NSE), 0.92(d),
0.77 (md), 0.86 (r), 0.73 (R2) and 0.84(KGE) and similar high validation efficiency values of 0.72
(NSE), 0.92(d), 0.75 (md), 0.85 (r), 0.72 (R2) and 0.80(KGE). For the hydropower model, optimum
parameters of 40 (b), 0.8 (α), 0.88 (m) and 1.55 ˆ 109 (Cv) were observed during a manual model
calibration between simulated and observed reservoir level. High values of calibration correlation
efficiency coefficients of 0.83(NSE), 0.96(d), 0.81(md), 0.92(r), 0.85 (R2) and 0.91 (KGE) were recorded
with validation efficiencies of 0.80(NSE), 0.95(d), 0.79(md), 0.90(r), 0.81 (R2) and 0.90 (KGE). Since
the hydropower model was calibrated for water level simulations, Figure 3 presents climatological
simulated and observed reservoir level and it shows vivid high correlations.
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Figure 3. Comparison of simulated and observed reservoir level for the (a) calibration and
(b) validation periods.

3.2. Projected Trends

3.2.1. Climate

Annual projected rainfall and PET ensemble median from 8 GCMs for upstream the Kainji
Lake are displayed in Figure 4, Figure 5 and Table 2. In the RCP8.5 scenario, there will be more
than 100 mm increase in ensemble median rainfall upstream of the Kainji Lake while under RCP4.5,
the upstream area will experience a slight increase to mid-century, which will be lost at the end of the
century (Figure 4a). However, the magnitude of the rainfall increases is attributed to large standard
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deviations across the 8 climate models. In the Near Future (Table 2), all models and the ensemble
predict increases under the two scenarios except MPI-ESM-LR (RCP4.5) and EC-EARTH (RCP8.5),
where slight decreases in rainfall were projected. Near future ensemble daily climatological trends
presented in Figure 5 indicated an increase in rainfall throughout the day under the two scenarios. In
the Far Future, all models but MPI-ESM-LR (RCP4.5) projected rainfall increases under both scenarios.
Far future daily climatological trends follow similar patterns as the Near Future (Figure 5).
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Table 2. Percentage climate and hydropower trends in the near future (NF, 2010–2035) and far future (FF, 2036–2100) relative to the historical (1961–2000) data.

MODELS
Rainfall (%) PET (%) Hydropower (%)

NF FF NF FF NF FF

RCP 45 RCP 85 RCP 45 RCP 85 RCP 45 RCP 85 RCP 45 RCP 85 RCP 45 RCP 85 RCP 45 RCP 85

CanESM2 5.26 6.45 9.11 18.37 9.82 11.33 20.28 34.19 9.77 9.95 17.28 28.86
CNRM-CM5 0.28 2.35 5.17 14.02 6.21 6.58 13.41 22.66 ´1.47 ´0.69 5.33 18.46
EC-EARTH 0.44 ´1.57 3.69 6.43 7.82 8.53 15.88 27.22 ´0.90 ´4.22 2.35 5.67

MIROC5 11.19 10.15 15.19 28.57 9.58 9.93 17.65 28.09 29.06 23.30 32.84 48.24
HadGEM2-ES 6.97 8.80 4.93 9.59 8.98 10.89 21.49 35.81 15.68 18.17 16.97 25.55
MPI-ESM-LR ´0.75 3.29 ´1.55 3.38 7.85 8.46 15.94 28.91 1.84 5.44 -0.40 6.82
NorESM1-M 4.01 4.77 7.67 12.91 7.24 8.14 15.32 23.98 6.81 8.43 13.58 20.23
GFDL-ESM2M 2.92 5.35 6.19 9.32 9.58 9.66 15.32 26.20 4.43 5.05 8.57 8.46

ENSMED 4.17 4.10 5.87 13.28 8.43 9.32 16.77 27.87 8.72 8.63 12.81 24.00
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Temperature projections are attributed to lower standard deviations among the models compared
to rainfall. Temperature will experience a more than 4 ˝C increase under RCP8.5 around the end of the
century while about a 2 ˝C rise is projected for the RCP4.5 scenario (Figure 4b). Under the RCP8.5
scenario, there will be more than a 2 mm/day increase in ensemble median PET upstream of the Kainji
Lake, while under RCP4.5, the upstream area will experience about a 0.5 mm/day increase, which
will stabilize by the middle of the century (Figure 4c). In accordance with temperature projection, PET
projections are attributed to lower standard deviations across the 8 GCMs. Monthly PET (Table 2) will
experience increases based on agreement of all models and the ensemble under both scenarios and
future evaluated time slices. Near and far future daily climatological PET trends will increase across
the days of the year (Figure 5).

3.2.2. Hydrological Properties of Kainji Lake

Annual projected ensemble median (8 GCMs) climate change impacts on evaluated hydrological
properties (reservoir inflow, reservoir storage, reservoir level and reservoir release) of Kainji Lake
are displayed in Figure 6. Under the RCP8.5 scenario, there will be a more than 500 m3/s increase in
annual average inflow to the Kainji Lake (Figure 6a), while RCP4.5 corresponds to about a 200 m3/s
increase through the middle to the end of the century. Projected daily climatological inflow showcased
large increases after day 200 (July) under both scenarios in the near future (Figure 5). Far future
RCP8.5 daily inflow will experience increases across all days while RCP4.5 follows a similar trend as
the near future (Figure 5). For reservoir storage, the RCP8.5 scenario will be associated with about
a 2.5 km3 increase in annual average storage while RCP4.5 will be associated with about a 1.25 km3

increase through the middle to the end of the century (Figure 6b). The reservoir level will experience
about a 1 m annual average increase at Kainji under RCP8.5 while a 0.5 m increase is expected under
the RCP4.5 simulation (Figure 6c). For the controlled release to the turbines, about a 300 m3/s increase
is expected at the end of the century under RCP8.5, and there will be about a 150 m3/s increase under
the RCP4.5 scenario (Figure 6d). The hydrological projections were associated with a large spread in
standard deviation across the contributing 8 climate models.

3.2.3. Hydropower Production

Annual projected impacts of climate change on hydropower production in the Kainji Lake based
on our model simulation from 8 GCMs are displayed in Figure 7. Energy production will experience
about a 100 MW ensemble median increase at the end of the century under RCP8.5, and there will be
about a 50 MW increase under the RCP4.5 scenario. The future hydropower projections are associated
with large standard deviation among the downscaled GCMs. In the Near Future (Table 2), all models
and the ensemble predict increases in the two scenarios except CNRM-CM5 and EC-EARTH where
decreases in hydropower are expected. Far Future hydropower production will experience increases
with agreements of all models and ensemble except MPI-ESM-LR (RCP 45). Monthly near and far
future hydropower trends are presented in Figure 8. In the near future (Figure 8a) under the two
scenarios, a highly significant increase (p < 0.01) in hydropower production relative to the historical
data will be experienced from January to May and October to December, while significant (p < 0.05)
hydropower increase will occur in June. In the far future (Figure 8b), a highly significant increase
(p < 0.01) in hydropower will be encountered from January to December under the two scenarios.
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Figure 6. Ensemble median projected annual hydrological properties of Kainji lake; (a) Reservoir inflow,
(b) Reservoir storage, (c) Reservoir level, (d) Reservoir release; black lines represent the historical data,
red lines are RCP8.5, blue lines are RCP4.5, and standard deviations across the 8 GCMs are showcased
in the surrounding bounds.
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4. Discussion

Climate change will drive increases in precipitation and PET upstream of the Kainji dam. This
will be due to large patterns of increased rainfall in the Sahelian region [40] due to intensification of
the hydrological cycle by increasing atmospheric temperatures, which consequently increase river
runoff into the evaluated lake. The study also revealed that the higher the greenhouse gas emissions,
the more the hydrological perturbation, as observed in the evaluated RCP4.5 and RCP8.5 emission
scenarios. Increasing rainfall due to climate change will consequently drive increases in reservoir
inflow and water released downstream. Daily inflow increases will be less prominent before July due
to the projected increase in PET and lower rainfall. However, after July, PET decreases and rainfall
increases, leading to increases in projected inflows relative to the historical period. This will aggravate
the currently challenging August to October downstream flooding at the Kainji dam [7] if proper
management measures are not deployed.

The adopted log-exponential reservoir operations rule in this study was suitable for the Kainji
Lake based on the reported efficiency criteria of the water level simulation. The same reservoir
operations rule was earlier reported to be suitable and to easily fit into different reservoir systems [24],
and this was confirmed at Kainji. Rising inflow will drive an increase in the reservoir storage, reservoir
level, reservoir release, and consequently, hydropower production. Hydropower systems rely on the
potential energy difference between the levels of water in reservoirs, dams or lakes and their discharge
tail water levels downstream. The water turbines that convert the potential energy of water to shaft
rotation are coupled to suitable generators [41]. A projected increase in hydropower production will
add to the untapped African potential for hydropower, which is by far the most established renewable
resource for electricity generation and commercial investment [41]. Hydropower systems are easy to
run and generally have low maintenance costs compared to other sources of energy.

High uncertainties in the magnitude of changes projected across the 8 dynamically downscaled
GCMs were inherited from large discrepancies associated with rainfall projections in West Africa.
Sylla et al. [6] ascribed the regional uncertainties in rainfall projections to substantial divergence among
the different observational datasets available over the region. Unknown magnitude of potential water
abstraction from planned future upstream dams will also add to the uncertainties.
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5. Conclusions

Climate change has been a serious challenge and its predictions are associated with high
uncertainties in West Africa. With the current global drive for cleaner energy sources, hydropower
remains one of the sustainable renewable energy substitutes for fossil fuel. This study evaluated the
future impacts of climate change on hydropower production and associated uncertainties based on 8
dynamically downscaled GCMs. Climate change will drive increases in rainfall, PET and hydropower
production at the Kainji Lake, thereby adding to untapped hydropower potential in the region. These
predictions will help design adaptation strategies for harnessing this important hydropower resource
in order to reduce the worsening electricity shortages in the region and enhance socioeconomic
developments [3]. Future influence of upstream water abstractions from planned dams and reservoirs
on hydropower production in Kainji Lake should be assessed in a following study.
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