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ABSTRACT

The uncertainties and biases associated with Global Climate Models (GCMs) ascend from global to regional and local scales which delimits

the applicability and suitability of GCMs in site-specific impact assessment research. The study downscaled two GCMs to evaluate effects of

climate change (CC) in the Black Volta Basin (BVB) using Statistical DownScaling Model (SDSM) and 40-year ground station data. The study

employed Taylor diagrams, dimensionless, dimensioned, and goodness of fit statistics to evaluate model performance. SDSM produced

good performance in downscaling daily precipitation, maximum and minimum temperature in the basin. Future projections of precipitation

by HadCM3 and CanESM2 indicated decreasing trend as revealed by the delta statistics and ITA plots. Both models projected near- to far-

future increases in temperature and decreases in precipitation by 2.05-23.89, 5.41–46.35, and 5.84–35.33% in the near, mid, and far

future respectively. Therefore, BVB is expected to become hotter and drier by 2100. As such, climate actions to combat detrimental effects

on the BVB must be revamped since the basin hosts one of the largest hydropower dams in Ghana. The study is expected to support the

integration of CC mitigation into local, national, and international policies, and support knowledge and capacity building to meet CC

challenges.
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HIGHLIGHTS

• The study downscaled two GCMs to evaluate the effects of climate change over the Black Volta Basin using the SDSM.

• The study revealed that the SDSM provided a good performance across the selected stations.

• Both models projected near-to-future decreases in precipitation in the near-, mid-, and far-future.

• The Black Volta Basin is expected to become hotter and drier by 2100.

• The SDSM is a powerful tool for climate change assessment.

This is an Open Access article distributed under the terms of the Creative Commons Attribution Licence (CC BY 4.0), which permits copying, adaptation and

redistribution, provided the original work is properly cited (http://creativecommons.org/licenses/by/4.0/).
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GRAPHICAL ABSTRACT

1. INTRODUCTION

Global or large-scale Climate Models (GCMs) are presently employed in the development of scientific understanding and

knowledge of climate change and variabilities in large-scale climate data (Dixon et al. 2016). Data acquired from GCMs pro-
vide in-depth comprehension of the present and future climate at a holistic scale (IPCC 2007, 2014). The .100-km resolution
of GCM outputs renders them too coarse to be utilized in impact studies, decision-making processes, and adaptation planning

at a local or regional scale (Meenu et al. 2013). Additionally, the limitations on the applicability and usefulness of GCMs in
site-specific impact assessment studies are caused by the uncertainties and biases associated with GCMs that increase from
global to regional to local scales (Lutz et al. 2016). Therefore, downscaling is required to increase the spatial resolution,
reduce bias, and help accelerate climate forecasts for impact analysis and adaptation strategy. Presently, there are two

types of downscaling techniques available to reduce biases and improve the spatial resolution of GCMs. These include stat-
istical and dynamic downscaling techniques. The dynamic downscaling such as CORDEX (http://www.cordex.org/domains/
region-5-africa/) contains local data which comprises topographic components that produce a high-resolution climate fore-

casting, for instance, 50 km for Africa (Dosio & Panitz 2016). One disadvantage of the dynamic downscaling process is its
high computational resource requirements. Therefore, these models have inherent sensitivity and biases to the precinct of
GCMs, and this limits their utilization in impact assessment and adaptation studies at the local scale (Wilby & Dawson

2007). Relatively, statistical downscaling models are simple, efficient, and fast which require low computational powers
and expenses.

Statistical models are built to offer site-specific weather series that are equivalent to station data through the development

of statistical relationships between large-scale climate variables also known as predictors and site-specific climate variables
known as predictands. The advantages of the statistical downscaling techniques are that they are extensively employed in
impact studies such as water and agriculture at the regional and local scale (Wilby & Dawson 2007; Tavakol-Davani et al.
2013). Generally, statistical models are categorized under three classes premised on the statistical approach; weather

typing (Anandhi et al. 2011), weather generator (Semenov & Barrow 1997), and transfer function (Wilby & Dawson 2007).
The Statistical DownScaling Model (SDSM) (Wilby & Dawson 2007) is among the extensively applied statistical downscal-

ing models that are built premised on a transfer function and stochastic weather generator (Hassan et al. 2013). Furthermore,

the SDSM was found to be better than conventional weather generators in terms of performance (Mohorji et al. 2017)
especially in capturing precipitation (Prcp), minimum (Tmin), and maximum (Tmin) temperature (Wilby & Dawson 2007;
Hassan et al. 2013). Therefore, the SDSM is employed to simulate station-specific high-resolution climate projections for
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the Black Volta Basin (BVB). Most regions in Africa, especially in West Africa, are highly susceptible to changes in climate

extremes such as weighty rainstorms, droughts, and frequent inundations and will be more severe considering future projec-
tions (Gebrechorkos et al. 2019a). To contemplate the observed susceptibility and changes of the BVB to variability (for
instance precipitation variability) and changes in climate and extremes (Gebrechorkos et al. 2019a), undertaking a detailed

impact study on the local scale is required to reduce or mitigate the effects in the forthcoming years via sustainable adaptation
procedures. However, this category of data is scarce, and attaining site-specific climate projections using the SDSM needs
high-resolution observed data for calibration and validation, as well as the ensemble of synthetic weather series employing
daily GCM predictors (Wilby & Dawson 2007).

Observed weather ground station data in Ghana is generally limited due largely to issues such as limited spatial and tem-
poral, accessibility (data distribution policies), and data quality. As a result, the dataset used was significantly influenced by
the availability and consistency of the data collected. This, therefore, influenced the selection of the stations used in the study.

The application of the SDSMhas beenwidely established throughout theworld over the last decade for future climate change
assessment at local scale. For instance, previous studies (Liu et al. 2011; Tryhorn & Degaetano 2011; Campozano et al. 2016)
compared the performance of the SDSM to othermodels such as theMarkovmodel, artificial neural networks, and least square

support vectormachine. Liu et al. (2011) found that the SDSMperformedwell in simulating the inter-site correlation features of
the weather stations compared to the Markov model which simulated the multi-site prediction. Moreover, while assessing the
extreme precipitation over the northern United States (Tryhorn & Degaetano 2011), it was found that the SDSM is capable of

matching observed extreme climatology well compared to spatial disaggregation, and bias correction. Furthermore,
Campozano et al. (2016) revealed that the SDSM is capable of simulating themedian and variance of the depths of themonthly
ground station data better than the artificial neural networks and least square support vector machine.

In Africa, a few studies (Wilby et al. 2014; Gulacha & Mulungu 2016; Matthew et al. 2017; Gebrechorkos et al. 2019a;
Iwadra 2019) have successfully applied the SDSM with good performances. For example, Gebrechorkos et al. (2019a)
found that the SDSM recorded good performance (.80, 79, and 96%) during validation for precipitation, minimum, and
maximum temperature, respectively, in East Africa. Gulacha & Mulungu (2016) also found the performance of the SDSM

ranging from 21–63% for precipitation and 60–98% for temperature in the Wami-Ruvu river basin in Tanzania. Again, the
findings of Iwadra (2019) revealed the performance of the SDSM between 75–85% in the Aswa catchment of Uganda.

Currently, there is little or no study on the application of the SDSM in Ghana, especially in the BVB. Majority of the studies

(Matthew et al. 2017; Osei et al. 2019; Awotwi et al. 2021; Sekyi-annan et al. 2021) conducted in Ghana applied the CMHyd
model to bias-correct the hydro-climatic variables, especially under the Representative Concentration Pathway (RCP) scen-
arios. Studies on the A2 and B2 scenarios are still lacking in the BVB. Although these are old scenarios, their importance
in future decision-making cannot be overlooked. It is worth noting that these studies coupled the CMHyd model with

other hydrological and hydraulic tools such as the Soil Water Analysis Tool (SWAT), MIKE, HEC-HMS, etc., necessitates
historical and future data as tangible inputs for the assessment of the impacts of climate change on hydrological resources
at the basin scale. The BVB hosts one of Ghana’s hydropower dams which provides 400 MW of power to the electricity

grid in Ghana. Furthermore, the BVB extends over productive agricultural lands whose predominant activities are extensively
rainfed and livestock farming. The past and future impacts of climate variabilities and changes on water availability in the
BVB have been established in previous studies (Akpoti et al. 2016; Kabo-Bah et al. 2016).

Therefore, the main objective of this study is to calibrate and validate the analog technique as a method to downscale daily
precipitation (Prcp), minimum (Tmin), and maximum (Tmax) temperature for specific stations of a data-scarce basin such as the
BVB. This is critical to driving impact assessment models to evaluate the impact of future climate changes on sectors such as

agriculture, hydrology, and urbanization in the basin which addresses the sustainable development goals 11 and 13 (UN
2023). In this study, future climate changes were downscaled under multiple climate scenarios based on three climatic
periods 2011–2039, 2040–2069, and 2070–2099 as 2020s, 2050s, and 2080s, respectively. The outputs presented in the Inno-
vative Trend Analysis (ITA) will assist in the identification of future climate trends in a detailed manner that could support the

development of sustainable mitigation and adaptation strategies in the basin based on the climatic periods.

1.1. The A2, B2, RCPs 2.6, 4.5, and 8.5 climate scenarios

The A2 climate scenario describes a world of self-dependence and securing local identities. Thus, where countries operate
independently, under this scenario, there is a slow convergence of the patterns of fertility across regions. This results in a
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rapidly high population. Also, there is an expansion in economies, per capita, and technologies. However, these expansions

are regionally centered leaving them more fragmented than other narratives (IPCC 2007).
However, under the B2 climate scenario, the world tends to focus on local solutions to tackle environmental, economic,

and social sustainability. Population under this scenario is expected to increase, however, at a lower rate compared to the A2

climate scenario. Similarly, there is an expected increase in economic development but at intermediate levels. This is
expected to be fairly rapid, however, expansions in technologies are expected to be more heterogeneous by the end of the
21st century. Despite this scenario being social equity and environmental safety oriented, it focuses on local and regional
levels more than the other narratives. This results in varying global warming under these scenarios.

For the Coupled Model Intercomparison Project 5 (CMIP5) under the RCPs, there are three different climate scenarios
ranging from RCP 2.6 (the scenario where there is low emission as a result of active mitigation), RCPs 4.5 and 6.0 (the inter-
mediate scenarios) as well as the RCP 8.5 (worst-case scenario/high ended emission scenario). Furthermore, the RCP

scenarios have probable combinations of expected high population, energy intensity, and socio-economic development.
The naming of the RCP scenarios follows their total radiative forcing by/or post 2100. For instance, under the RCP 2.6,
the radiative forcing is expected to peak at approximately 3 W/m2 in the mid-century before dropping to 2.6 W/m2 by

2100, whereas the radiative forcing is expected to plateau without spiking at 4.5 W/m2 by/post-2100 under the RCP 4.5
and rise to 8.5 W/m2 by 2100 under RCP 8.5 (van Vuuren et al. 2011).

2. MATERIALS AND METHODS

2.1. Study area description

Geographically, theBVB is located between latitude and longitude 7°00000″Nand 14° 30000″Nand 5°30000″Wand1° 300 00″W,
respectively (Figure 1). The basin has an entire land area of about 130, 400 km2 representing 21%of the total Volta basin (Smit&

Wandel 2006).However, the portion of the basin inGhana covers about 18,384 km2. This represents about 14%of the total area
of the Volta basin (Smit &Wandel 2006). The BVB encompasses two and three districts in Ghana, Burkina Faso, Cote d’Ivoire,

Figure 1 | The BVB of Ghana (author’s own construct).
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andMali, respectively (Annor 2012). FromBurkina Faso to theVolta Lake, the BVB covers around 1,350 km2, withmajor tribu-

taries and a surrounding catchment flowing into the BV river (Smit & Wandel 2006). The villages closest to the basin use the
banks of the BVB region mostly for agricultural activities. Bush fallow, which is widely used, is the major type of farming that is
being practiced in the basin. Lands are severely deteriorated in terms of soil fertility and physical condition inGhana’s northern

BVB, particularly in districts like Lawra,making it impossible to support substantial agricultural production (Greene 2003). The
WaMunicipal is a low-lying areawith a land area of around 579.86 km2. Themean annual precipitation varies between 840 and
1,400 mm. In May, the peak monthly maximum temperatures can reach 40 °C. However, temperatures fall as low as 21 °C in
December/January (GSS 2021). Crop production is largely due to the district’s single maximum rainfall season from May to

September/October. Therefore, the basin is an important component of the livelihood of rural folks since it serves the water,
food, and energy needs of the people.

2.2. Data used

The ground station Prcp, Tmin, and Tmax data were obtained from the Ghana Meteorological Agency (GMet). The dataset used
for all the selected stations spans from 1976 to 2016. These stations are located in the BVB (Figure 1). The dataset used was
greatly influenced by the availability and consistency of the data collected. This, therefore, influenced the selection of the
stations used in the study. For the GCM output, the study used 26 predictors (see Table 1) from the National Centers for

Table 1 | List of predictor variables used for the study

HadCM3 CanESM2

No. Long-name Short-name Long-name Short-name

1 Mean sea level pressure Mslpaf Mean sea level pressure mslp

2 Surface airflow strength p_faf Surface airflow strength p1_f

3 Surface zonal velocity p_uaf Surface zonal velocity p1_u

4 Surface meridional velocity p_vaf Surface meridional velocity p1_v

5 Surface vorticity p_zaf Surface vorticity p1_z

6 Surface wind direction p_thaf Surface wind direction p1th

7 Surface divergence p_zhaf Surface divergence p1zh

8 500-hPa airflow strength p5_faf 500-hPa airflow strength p5_f

9 500-hPa velocity p5_uaf 500-hPa zonal velocity p5_u

10 500-hPa meridional velocity p5_vaf 500-hPa-hPa meridional velocity p5_v

11 500-hPa vorticity p5_zaf 500-hPa vorticity p5_z

12 500-hPa geopotential height p500af 500-hPa geopotential height p500

13 Mean sea level pressure p5thaf 500-hPa wind direction p5th

14 500-hPa divergence p5_zhaf 500-hPa divergence p5zh

15 850-hPa airflow strength p8_faf 850-hPa airflow strength p8_f

16 850-hPa zonal velocity p8_uaf 850-hPa zonal velocity p8_u

17 850-hPa meridional velocity p8_vaf 850-hPa meridional velocity p8_v

18 850-hPa vorticity p8_zaf 850-hPa vorticity p8_z

19 850-hPa geopotential height p850af 850-hPa geopotential height p850

20 850-hPa wind direction p8thaf 850-hPa wind direction p8th

21 850-hPa divergence p8zhaf 850-hPa divergence p8zh

22 Relative humidity at 500-hPa r500af precipitation Prcp

23 Relative humidity at 850-hPa r850af Specific humidity at 500 hPa

24 Near surface relative humidity rhumaf Specific humidity at 850 hPa

25 850-hPa geopotential height shumaf Surface specific humidity shum

26 Mean temperature tempaf Mean temperature at 2m temp
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Environmental Prediction (NCEP) and the National Center for Atmospheric Research (NCAR) reanalysis data of the Cana-

dian Earth System Model version 2 (CanESM2) as well as the NCEP reanalysis data of the Hadley center Coupled Model
version 3 (HadCM3). These reanalysis datasets span from 1961 to 2005 and 1961 to 2001 for NCEP-CanESM2 and
NCEP-HadCM3, respectively, and were used for calibration and validation of the models. However, the CanESM2 and

HadCM3 GCM data belong to 1961–2100 and 1961–2099, respectively. The CanESM2 and HadCM3 have a spatial resol-
ution of about 2.81 and 2.5°, respectively, with uniform longitude and latitude. The CanESM2 and HadCM3 were used for
the future projections downscaling from 2006 to 2100 and 2002 to 2099, respectively. The predictors from the CanESM2
were derived under the RCP 2.6, 4.5, and 8.5 scenarios whereas predictors from the HadCM3 were derived under the A2

and B2 scenarios. The six stations used for the study were located in a single GCM grid box (Box_90X_29Y and
Box_128X_36Y for CanESM2 and HadCM3, respectively) for both models.

2.3. Conceptual framework

Figure 2 shows the methodological roadmap for the study. First, predictand variables (Prcp, Tmin, and Tmax) are selected as
input data. The NCEP reanalysis dataset and GCM outputs provided the set of predictors (see Table 1) from the CanESM2

and HadCM3 that were used for the study. The SDSM is a stochastic and hybrid downscaling simulator created by Wilby and
Dawson (2007). The study employed the SDSM in the downscaling process. Unexpected errors such as wrongly encoded and
missing data were inspected using the SDSM quality control function, whereas the transform function was used to transform

data in a situation where the datasets are not evenly distributed. The preliminary step after attaining the complete datasets is
to identify the set of most influencing predictors for each predictand at the station. The fundamental goal of any statistical
procedure of downscaling is to empirically establish statistical correlations between predictands and large-scale predictors
(Wilby & Dawson 2007). The study of Wilby & Dawson (2007) revealed the potential of selected predictors in defining thick-

ness, atmospheric circulation, moist content, and stability. The selected potential predictor must be simulated well by GCMs
and be retrievable from various GCMs sources, as noted by Wilby & Dawson (2007). Most SDSMs can attain a high pro-
portion of success when appropriate predictors are selected (Phuong et al. 2020). In this study, the selection of potential

predictors was based on correlation, partial correlation, and stepwise regression analysis (Wilby & Dawson 2007). These ana-
lyses were conducted to avoid the issue of collinearity and select predictors that have a high and consistent correlation with
the local predictands. Therefore, the model is calibrated based on user-specific predictand together with a set of predictor

variables. Finally, given atmospheric predictor variables supplied by a climate model (either for present or future climate
experiments), the scenario generator was used to produce ensembles of synthetic daily weather series. The documentation
of these methods is available elsewhere (Yang et al. 2017).

The next stage is the reproduction of daily ensembles for the current period using a well-calibrated model. These models are

afterward subjected to the evaluation of their performance using the Taylor diagram and several dimensionless and dimen-
sioned statistics as well as goodness-of-fit. Future climate is subsequently projected based on the selected predictors obtained
from the GCM outputs. Finally, the Innovative-Sen trend plots were used to analyze the trend patterns to identify the partial

and overall trends in the future climate. However, the delta statistics (Wilby & Dawson 2007) were used to assess the mag-
nitude of changes found between future and baseline periods. It is worth noting that the model calibration and scenario
generator SDSM functions were used to calibrate and generate future scenarios, respectively.

2.4. Model performance evaluation

For the evaluation of model performance, the Taylor diagram (Taylor 2001) was used to compare the ensemble mean with

individual ensemble members during calibration and validation. The Taylor diagram was used because of its ability to graphi-
cally measure the standard deviations, root-mean-square difference, and correlation coefficient of the models and observed
data.

The study further employed the Mean Absolute Error (MAE) (Equation (1)), Mean Bias Error (MBE) (Equation (3)), and

Coefficient of determination (R2) (Equation (2)) to evaluate the model performance. For the dimensioned statistics, MAE and
MBE were used, whereas the refined index of agreement (with/without baseline adjustments) served as the dimensionless
statistics for the study. The values of da (Equation (4)) are limited by �1 and þ1. A good model is signified by a positive

value. The study of Legates & Mccabe (2013) further revealed that the model performance is better than the baseline
value when da is greater than 0.5. The adjustment of baseline values has also been recommended by several researchers
(Legates & McCabe 1999; Willmott et al. 2009) when assessing the performance of the model for variables of interest,
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Figure 2 | Methodological roadmap for the study modified from Phuong et al. (2020).
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which show high seasonal discrepancies. In this index, monthly averages are used as well as the daily values when estimating

the refined index of agreement. However, the MSE, RMSE, and R2 were used as indicators of goodness-of-fit:

MAE ¼ 1
n

Xn
i¼1

j yi � xij (1)

MBE ¼ 1
n

Xn
i¼1

( yi � xi) (2)

R2 ¼ 1�
X (yo � ye)

2

(yo � ye)
2 (3)

da ¼

1�

Pn
i¼1

jyi � xij

c
Pn
i¼1

jxi � �xj
, when

Pn
i¼1

jyi � xij � c
Pn
i¼1

jxi � �xj

c
Pn
i¼1

jxi � �xj
Pn
i¼1

jyi � xij
� 1, when

Pn
i¼1

jyi � xij . c
Pn
i¼1

jxi � �xj

8>>>>>>>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>>>>>>>:

(4)

where n is the length of data; yi is the predicted value of Prcp, Tmin, and Tmax; xi is the observed value of Prcp, Tmin, and Tmax.
The overbars show the means of the daily values for the whole analyzed period. The scaling coefficient c should preferably

be set to 2 (Legates &Mccabe 2013; Willmott et al. 2015). In estimating the index of agreement with baseline adjustment (d0
a),

the mean of the daily values (�y) is replaced by the mean of monthly values (y0).

2.5. Innovative-Sen trend analysis

The ITA was originally developed by Şen (2012). This method is used to define the partial and overall patterns in a specified
hydro-climatic dataset. Compared to other conventional trend analyses such as nonparametric and parametric statistical
trend analysis, the ITA process has the comparative advantage of not enabling any restraining assumptions including

length of data, serial independence, and normal distribution. The study analyzed the possibilities of multi-duration patterns
in the monthly global temperature (Mohorji et al. 2017). Thus, the ITA technique was used to assess the patterns of Prcp, Tmin,
and Tmax between the baseline (1976–2005) and the future (2010–2039, 2040–2069, and 2070–2099) periods based on differ-

ent scenarios. To plot ITA results, the baseline and future periods are sorted in ascending order and then plotted on the x-axis
against the y-axis, respectively. Afterward, a 1:1 (45°) straight line that divides the plot into two equal sections and +10%
error lines is constructed on a Cartesian coordinate system (Figure 3). The upper and lower triangular regions indicate

increasing and decreasing trends, respectively, whereas the 45° straight line denotes a trend-free situation. Moreover, evidence
shows that trend slop is high when the scatter plot points move far away from the 45° straight line.

3. RESULTS AND DISCUSSION

3.1. Calibration and validation of models

The calibration of both models (CanESM2and HadCM3) was done using 29-year (1976–2005) and 25-year (1976–2001) base-

line data, respectively, while validation was done using a 10- (2006–2016) and 14-year (2002–2016) baseline data,
respectively. The Taylor diagrams presented in Figure 4 compared the individual ensemble with the corresponding ensemble
mean for Tmax, Tmin, and Prcp at each station during validation. A closer look at the diagram (Figure 4) reveals that the SDSM

provided similar trends across the selected stations for individual predictand variables considering specific locations of all the
points on the Taylor diagram. On the disparities of the downscaled results, individual ensembles showed a lower error and
higher correlation than the ensemble means across all the stations for Tmax, Tmin, and Prcp. However, the ensemble mean of
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Tmax at Bui captured the observed standard deviations better than the individual ensembles as the solid points almost fell on

the black arc (see Figure 4), indicating the amplitude of disparities of the downscaled output for Tmax at Bui is similar to the
observed. Comparing the downscaled output for the three climatic variables, it is also obvious that the output of Prcp (see
Figure 4) reveals a high degree of disparity compared to Tmax (Figure 4) and Tmin (Figure 4). This could be attributed to

the conditional procedure during the calibration of Prcp. These findings confirm the findings of previous studies (Gulacha
& Mulungu 2016; Tarek et al. 2016) which found difficulties in downscaling Prcp using the SDSM. Gulacha & Mulungu
(2016) further noted that the SDSM may not be the best tool for downscaling Prcp. However, this study’s calibration results

were higher (see Table 2) compared to previous studies in Africa (Gulacha &Mulungu 2016; Tarek et al. 2016; Gebrechorkos
et al. 2019b). Moreover, the values of the ensemble means were used for further estimations.

On model performance evaluation, using graphical techniques only is not highly recommended. Therefore, in addition to
graphical methods, both dimensionless and dimensioned measures are highly recommended (Legates & McCabe 1999;

Willmott et al. 2015). Table 2 presents dimensioned statistics during calibration and validation results for both models.
For the dimensioned statistics, the values of MAE during calibration ranged from about 0.342–0.574 mm, 0.007–0.093 °C,

and 0.011–0.285 °C for Prcp, Tmax, and Tmin, respectively (Table 2). It is therefore obvious that the errors of the model during

calibration for Tmin are slightly higher than Tmax. To compare the two models (HadCM3 and CanESM2), both simulated daily
Prcp with similar errors during calibration. However, CanESM2 generally recorded higher errors in predicting daily Prcp
during calibration. During validation, the values of MAE ranged from 0.351–1.060 mm, 0.089–0.889 °C, and 0.069–0.295 °C

for Prcp, Tmax, and Tmin, respectively. This reveals slightly higher model errors during validation for both models especially
in simulating Tmax. However, this is consistent with the findings of Phuong et al. (2020). There were fairly similar model errors
for both models (HadCM3 and CanESM2) in simulating the daily Prcp and Tmax during validation. However, CanESM2

recorded more significant model errors than HadCM3 in simulating daily Tmin during validation. The values of MBE ranging
from �0.342 to �0.574 mm, �0.059 to �0.001 °C, and �0.128 to �0.0001 °C for Prcp, Tmax, and Tmin respectively show a
slight underestimation of predictands during calibration. To compare both models, CanESM2 was found to significantly
underestimate daily Prcp and Tmax compared to HadCM3 (Table 2) during calibration. MBE values ranged from �0.627

to �0.042 mm, �0.049 to 0.187 °C, and �0.274 to �0.043 °C for Prcp, Tmax, and Tmin, respectively. Similarly, CanESM2
underestimated daily Prcp, Tmax, and Tmin compared to HadCM3 during validation (see Table 2). However, the dimensioned
statistical results on validation were generally satisfactory since they fell within an acceptable range on the daily time scale.

Moreover, the goodness-of-fit results from R2 revealed better performance during calibration and validation. For instance,
the values for R2 ranged from 0.997–0.999, 0.950–0.999, and 0.9713–0.996 for Tmax, Tmin, and Prcp, respectively, during

Figure 3 | Illustration of the ITA technique by Şen (2012). (a) Non-monotonic trends and (b) trends of each segment (low, medium, and high).
Source: Alifujiang et al. (2020).
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calibration. Surprisingly, the R2 values for precipitation were higher during calibration (i.e. between 0.971–0.996). Similarly,
other studies (Gebrechorkos et al. 2019b) revealed higher performance of the SDSM based on R between 0.79–0.98 in basins
of East Africa. The performance improvement observed in this study may be attributed to the long period of calibration (ran-
ging from 25–29 years), which is noted to impact the model’s performance. The longer period of calibration is found to

generate probability distribution functions in the process of statistical downscaling (Kim et al. 2000). However, the values
for R2 dropped during validation as they ranged from 0.802–0.999, 0.955–0.997, and 0.646–0.957 for Tmax, Tmin, and Prcp,
respectively. The performance of HadCM3 in simulating the daily Prcp during validation was higher than CanESM2 (see

Table 2). However, the performance of both models was similar in simulating daily Tmax and Tmin during validation. Although
the determinants of the goodness-of-fit dropped generally during validation, the performance of both models was better com-
pared to previous studies (Gulacha & Mulungu 2016; Tarek et al. 2016) in Africa. Furthermore, the length of data for

Figure 4 | Taylor diagram comparing an individual ensemble member with a corresponding ensemble mean for Tmax, Tmin, and Prcp at some
stations during validation.
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Table 2 | Model performance during calibration and validation

Criteria
HadCM3 CanEsm

Tmax Calibration Validation Calibration Validation

Babile

MAE (°C) 0.018 0.164 0.039 0.134

MBE (°C) 0.002 �0.139 �0.032 �0.065

R2 0.999 0.998 0.999 0.996

Wa

MAE (°C) 0.010 0.888 0.063 0.141

MBE (°C) �0.011 0.180 �0.061 �0.108

R2 0.999 0.802 0.999 0.998

Bole

MAE (°C) 0.008 0.161 0.048 0.092

MBE (°C) �0.001 �0.154 �0.022 �0.078

R2 0.999 0.998 0.999 0.999

Bui

MAE (°C) 0.059 0.098 0.093 0.111

MBE (°C) 0.015 �0.049 0.037 0.001

R2 0.999 0.997 0.999 0.997

Wenchi

MAE (°C°C) 0.085 0.114 0.081 0.089

MBE (°C) 0.078 �0.104 0.065 �0.067

R2 0.999 0.998 0.999 0.999

Sunyani

MAE (°C) 0.007 0.136 0.048 0.196

MBE (°C) 0.003 �0.134 �0.042 �0.187

R2 0.999 0.998 0.999 0.997

Tmin

Babile

MAE (°C) 0.018 0.129 0.053 0.129

MBE (°C) 0.011 0.011 �0.039 0.011

R2 0.999 0.997 0.999 0.997

Wa

MAE (°C) 0.121 0.141 0.084 0.207

MBE (°C) �0.0001 �0.137 �0.082 �0.207

R2 0.999 0.993 0.998 0.997

Bole

MAE (°C) 0.014 0.148 0.014 0.289

MBE (°C) 0.002 �0.108 �0.008 �0.274

R2 0.999 0.996 0.999 0.989

Bui

MAE (°C) 0.098 0.137 0.285 0.295

MBE (°C) 0.058 �0.043 0.041 �0.239

R2 0.996 0.992 0.950 0.955

(Continued.)
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calibration may have some bearing on the performance of the model. This helps the SDSM to generate probability distri-
bution functions in the process of downscaling (Kim et al. 2000). The performance of both models revealed by the

goodness-of-fit results during calibration was very high and therefore increased the confidence level of the future projections.
Finally, the study considered only the validation results for a dimensionless statistic (see Figure 5). The refined index of

agreement with baseline adjustment (d0
a) and without baseline adjustment (da) were used. Figure 5 reveals the ability of

the SDSM in downscaling daily Tmax and Tmin as the da values ranged from 0.57 to 73 compared to the d0
a values of daily

Prcp which ranged from 0.48 to 0.55. The value obtained in this study is slightly lower than the values found in (Najafi &
Hessami Kermani 2017; Phuong et al. 2020) for Prcp, Tmax, and Tmin. Conversely, d0

a values for Prcp, Tmax, and Tmin

Table 2 | Continued

Criteria
HadCM3 CanEsm

Tmax Calibration Validation Calibration Validation

Wenchi

MAE (°C) 0.065 0.069 0.145 0.135

MBE (°C) �0.056 0.027 �0.128 �0.124

R2 0.994 0.993 0.953 0.981

Sunyani

MAE (°C) 0.011 0.108 0.036 0.084

MBE (°C) �0.004 �0.065 �0.016 �0.056

R2 0.999 0.971 0.998 0.988

Prcp

Babile

MAE (mm) 0.342 0.634 0.431 0.508

MBE (mm) �0.342 �0.337 �0.431 �0.308

R2 0.9988 0.952 0.998 0.936

Wa

MAE (mm) 0.416 0.351 0.453 0.635

MBE (mm) �0.248 �0.042 �0.240 �0.076

R2 0.971 0.951 0.9731 0.909

Bole

MAE (mm) 0.429 0.784 0.408 0.529

MBE (mm) �0.429 0.169 �0.408 �0.273

R2 0.996 0.819 0.996 0.875

Bui

MAE (mm) 0.522 0.946 0.417 1.060

MBE (mm) �0.522 �0.627 �0.417 �0.288

R2 0.987 0.881 0.982 0.646

Wenchi

MAE (mm) 0.486 0.572 0.457 0.766

MBE (mm) �0.419 �0.500 �0.357 �0.544

R2 0.976 0.891 0.973 0.851

Sunyani

MAE (mm) 0.497 0.568 0.574 0.417

MBE (mm) �0.497 0.254 �0.574 �0.371

R2 0.994 0.827 0.993 0.957
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ranged approximately from 0.38 to 0.61. These values are lower than their corresponding da values. Figure 4 reveals that
HadCM3 and CanESM2 have similar ability in predicting Tmax, Tmin, and Prcp. Comparing performance, CanESM2 generally

performed better than HadCM3 in predicting Tmax and Tmin whereas HadCM3 generally performed better than CanESM2 in
predicting Prcp. Generally, the values obtained for da and d0

a represented by MAE show the extent of mean model error which
is lower than the base error during validation represented by two times mean absolute deviation. Therefore, the model that is

calibrated can be employed in generating future scenarios.

3.2. Future climate projection

The delta statistics between the baseline period and future periods for Prcp, Tmax, and Tmin are presented in Figures 6 and 7.

These figures show the expected mean annual Prcp, Tmax, and Tmin under the selected scenarios (i.e. A2 and B2 for HadCM3
and RCP 2.6, 4.5, and 8.5) for HadCM3 and CanESM2. Both models generally predict a significant decreasing trend in Prcp
taking into consideration near- to far-future periods except in stations such as Babile and Wenchi where CanESM2 projects

an increasing trend. Figure 6 presents a detailed description of the future projected changes in annual Prcp. Both models pro-
jected near-future to far-future decreases by 2.05–23.89, 5.41–46.35, and 5.84–35.33% in the 2020s, 2050s, and 2080s. For
instance, CanESM2 projects increase in Prcp by about 0.89–13.63, 11.61–20.83, and 0.28–27.23% in the three time periods,

respectively, at Babile whereas HadCM3 projects decrease by 23.31–23.89, 37.46–46.35, and 11–24.51% in the near, middle,
and future periods (i.e. the 2020s, 2050s, and 2080s, respectively). At Wa, both models predicted decreases in the 2050s and
2080s except RCP 8.5 where Prcp is expected to increase by about 82.11% at the end of the 21st century. Prcp is expected to

decrease slightly by about 4.78–9.91% in the near to middle future, however, it is expected to decrease significantly by
approximately 21.57–28.1% in the far-future as projected by HadCM3 at Bole. CanESM2 however, predicts a drop in Prcp
by about 6.79–9.69, 15.74–30.03, and 15.26–35.33% throughout the three time periods, respectively (Figure 6). At Bui,
Prcp is projected by CanESM2 and HadCM3 to drop by about 3.96–6.78, 14.77–26.02, and 5.37–18.16% in the 2020s,

2050s, and 2080s, respectively. However, whereas RCP 8.5 predicts a slight increase by about 2.55–13.07% in the near,
middle, and far-future periods, RCP 4.5 projects an increase in Prcp in the near-future (about 51.48%), a slight increase in
the middle future (about 11.99%) and a significant drop (about 5.37%) in the far-future (see Figure 6). HadCM3 projects a

rising trend by about 0.62–0.69, 0.84–8.22, and 11.53–15.66% in Prcp from the near, middle, and far-future, respectively,
at Wenchi. However, CanESM2 projects an expected fall by about 2.05–5.45, 5.41–9.24, and 5.84–9.2% in Prcp in the
2020s, 2050s, and 2080s, respectively, except for the spike (of about 5.33%) predicted by RCP 8.5 in the far-future. Both

Figure 5 | Validation results for the refined index of agreement with and without baseline adjustment.
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models predict an expected decrease (by 5.41–11.49, 13.93–40.04, and 12.51–33.19% for the 2020s, 2050s, and 2080s, respect-

ively) in Prcp throughout the 21st century at Sunyani (see Figure 6). Therefore, there is a general tendency for the occurrence
of drought in most parts of the BVB under all the scenarios, especially in the 2080s. The projections by both models are in
consonant with the findings of previous studies which indicated decreasing trend of annual Prcp over the BVB (Akpoti et al.
2016; Siabi et al. 2021). As a result, the water level in the BVB is going to be affected in the future. The BVB hosts the Bui dam
which is one of the largest dams in Ghana. The decreasing trend in annual Prcp may contribute to varying reductions in the
level of water which is expected to affect hydropower generation by the Bui dam (Akpoti et al. 2016; Siabi et al. 2021). Agri-
culture and other related sectors are going to be severely affected since these sectors solely depend on Prcp in the BVB
(Kusakari et al. 2014). For instance, most agricultural activities such as rice production in northern Ghana are mainly
based on irrigation and rainfed agriculture. Therefore, as Prcp drops, rice production is also expected to drop. Therefore, cli-
mate change mitigation and adaptation strategies toward drought and floods must be considered with immediate effect by

stakeholders and policy-makers in the BVB.
To some magnitude, the findings of this study reveal numerous uncertainties in projecting future daily Prcp. Phuong et al.

(2020) noted that the projected climate uncertainties are mostly attributed to internal climate variabilities, downscaling tools

and methods, and the data used (which includes predictands and predictor variables used). The study employed CanESM2
and HadCM3 predictors which represent manifold emission scenarios. Therefore, other downscaling techniques such as
LARS-WG, Bias correction, and Machine Learning approaches can be applied along with the SDSM (Etemadi et al.
2014). Phuong et al. (2020) also recommended the use of more than one potential predictor set for individual climate
data at each station to reach a plausible range of climate variation in future periods.

Moreover, there is an expected high warming tendency in the BVB as Tmax is projected to record a high magnitude of warm-

ing at all the selected stations (Figure 7). Figure 7 reveals that there is an expected minimal variation in Tmax in the 2020s
under all the scenarios. However, the Tmax is expected to vary significantly in the magnitude of warming in the 2050s and
2080s under all the scenarios. For instance, Tmax is projected to increase by 0.008–0.52 °C in the 2020s compared to the base-
line period. However, Tmax has a high tendency to generally increase under both models by 0.007–1.39 °C in the 2050s and

0.22–2.44 °C in 2080s compared to the baseline period. However, the highest Tmax is expected to occur at Wa under the A2
scenario (see Figure 7). Sunyani is projected to be the coldest station compared to the other stations (where the change in
Tmax is ,0.8 °C). Similarly, Tmin is generally expected to generally increase by 0.009–0.47, 0.006–0.65, and 0.002–1.83 °C

as projected by both models across the periods (Figure 7). Generally, the projections of HadCM3 for Tmax and Tmin under

Figure 6 | Forecasted future changes for annual Prcp in the BVB.
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the A2 and B2 scenarios were found to be higher than that of the CanESM. The findings of this study are in line with a pre-

vious study that found that temperatures are projected to increase in the BVB (Siabi et al. 2021).
Aside from estimating the delta statistics for trend analysis purposes, the study applied the ITA technique to the selected

stations. For interpretation of the ITA plot, it is necessary to add the +10 error line and divide the plot into three segments
that are low, medium, and high. The purpose of these error lines is to ensure a clear understanding of the spacing of the data

points from the trendless line without any statistical connotations. Thus, the study also relates to the identification of partial
and overall trends between the 2020s, 2050s, and 2080s and the baseline period under different scenarios. The Innovative-Sen
trend plots were applied to ascertain whether the annual climate is expected to increase or decrease based on the location of

the climate variable falling on the plot.
Figures 8 and 9 present the results from the ITA for Prcp, Tmax, and Tmin. The results show that Prcp is expected to generally

decrease significantly at stations such as Babile, Wa, and Sunyani (see Figure 8) under most scenarios. For instance, at Babile,

Figure 7 | Forecasted future changes for annual Tmax and Tmin in the BVB.
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Prcp is expected to decline especially in the 2050s under the A2 and B2 scenarios (see Figure 8). The decline is expected to be
severe since the star blue and orange points fell within the medium to high segment of the lower diagonal (Figure 8). Addition-

ally, Prcp under the RCP 2.6, 4.5, and 8.5 is expected to decline severely, especially in the 2020s and 2080s. However, Prcp is
expected to increase severally under the A2 and B2 scenarios in the 2020s. An extreme increase in Prcp is expected since the
round blue and yellow points scattered in the medium to high segment of the upper diagonal (see Figure 8). The trend of Prcp

at Wa is similar to that of Babile. However, Prcp is expected to decline severely in the 2080s, especially under RCPs 4.5 and
8.5. Similar to Babile, Prcp is expected to increase in the 2020s and 2050s under the A2 and B2 scenarios at Wa (Figure 8).
This can be seen as the round blue and orange as well as star blue and orange points falling in the medium to high segment

above the 45° line (see Figure 8). Just like Babile andWa, Prcp is expected to decline in the RCP scenarios in the 2020s, 2050s,
and 2080s and increase under the A2 and B2 scenarios in the 2020s (Figure 8). Thus, most data points fell below the 1:1 line,
implying an overall downward trend at this station. However, the increase and drop are expected to be moderate since most

of the data points fell in the low to the medium segment of the plot. For Bole, Bui, and Wenchi, Prcp is expected to generally
increase gently under most scenarios in the 2020s, 2050s, and 2080s (see Figure 8). However, A closer look at Figure 8 reveals
filled circular and star points in purple and orange, respectively, representing RCP 8.5 and B2 scenarios in the 2020s and
2050s falling alongside the 1:1 (45°) straight line and within the +10 error lines indicating an insignificant increase in

Prcp at Bole. Generally, most of the data points fell within the low to moderate segment implying a gradual increasing
trend in Prcp at Bole, Bui, and Wenchi. This is in line with the findings of Kaboré et al. (2015) where Prcp is expected to
marginally increase in the Massili basin, Burkina Faso. However, the increase in Prcp projected at Babile is expected to

be extreme. Extreme Prcp is known to be the major cause of perennial flooding in northern Ghana, especially in the
Upper West region where Babile is located.

The decline in Prcp revealed by the findings of the study agrees with the findings of Yira et al. (2016) where Prcp is expected

to drop by 9–12%. The findings of Gulacha & Mulungu (2016) also revealed a change in Prcp by �44 to 648% and �37 to
346% under the A2 and B2 scenarios, respectively. Moreover, Asante & Amuakwa-Mensah (2015) revealed that climate
change together with detrimental anthropogenic activities concerning land use may worsen desertification in northern
Ghana. Population growth which triggers expansion of settlements, agriculture, and over-exploitation of natural resources

in an unsustainable manner in a desertification susceptible zone of Ghana may be a cause. However, this is worsened by
the decline in Prcp in northern Ghana. This reveals a high probability of desertification.

Figure 8 | Near-, middle-, and far-future periods and baseline period comparison of Prcp using an innovative-Sen trend plot under different
scenarios for each station. Please refer to the online version of this paper to see this figure in colour: http://dx.doi.org/10.2166/nh.2022.018.
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The mixed trend of the expected Prcp under all the scenarios agrees with the findings of Kebede et al. (2013) where Prcp in
the Baro-Akobo basin of Ethiopia is expected to change by �2 to 21%. Therefore, Yira et al. (2016) noted that the negative
and positive Prcp trends reemphasize the discourse on the importance of the trend rather than the magnitude of change in

projected Prcp over West Africa.
Generally, Tmax exhibits a significant increasing trend under all the scenarios as most of the scatter points fell in the upper

triangular area of the plot (Figure 9). For Babile, there is an expected low to medium increasing trend in Tmax especially in the

2080s under the RCP 8.5. This is denoted by purple square points falling at the upper diagonal. However, this increase is
expected to be gradual since the point fell within the lower to medium part of the upper diagonal (see Figure 9). Similarly,
stations such as Bui, Wenchi, and Sunyani are expected to observe a low to medium increase in the 2080s especially

Figure 9 | Near-, middle-, and far-future periods and baseline period comparison of Tmax and Tmin using an innovative-Sen trend plot under
different scenarios for each station. Please refer to the online version of this paper to see this figure in colour: http://dx.doi.org/10.2166/nh.
2022.018.
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under RCP 4.5 and the worst-case scenario (RCP 8.5). Also, Wa and Bole are expected to observe a gradual increase in Tmax in

the 2080s, however, this is expected to occur under the A2 scenario. This is signified by the blue square points scattering in the
lower to medium part of the upper diagonal (see Figure 9). The projected increasing trend in Tmax is in line with the findings of
Kaboré et al. (2015) and Badou et al. (2018). For instance, Kabore found that Tmax is expected to increase by 1.8 and 3.0 °C

under the RCP 4.5 and RCP 8.5, respectively, in the Massili basin of Burkina Faso. Similarly, the study of Oyerindé (2016)
revealed that temperature is expected to increase between 5 and 10% under RCP 4.5 and 5 and 20% under RCP 8.5 in
the Niger river basin by the end of the 21st century. Moreover, Kebede recorded an increase in temperature under the B1
scenario relative to A1B for 50 and 40% of the stations for Tmax and Tmin, respectively.

Although the findings of these studies (Kebede et al. 2013; Kaboré et al. 2015; Oyerindé 2016; Badou et al. 2018) are higher
than the current study, this could be largely due to the relatively high temperatures observed in Niger and Burkina Faso com-
pared to Ghana. Conversely, stations such as Wa, Bui, Wenchi, and Sunyani are expected to record a gradual decrease in Tmax

in the 2020s under the B2 scenario. This is signified by orange round points falling in the low to medium segment below the
45° line (Figure 9). However, the decreasing trend in Tmax is expected to be high at Wa in the 2020s under the B2 scenario
(Figure 9). Also, Bole is expected to record a gradual decrease in Tmax in the 2020s, however, this is expected to occur under

the A2 scenario.
Tmin is projected to generally follow the gradually increasing trend of Tmax into the future under all the scenarios. For

example, Tmin shows a gradual increase, especially in the 2080s under the RCP 8.5 scenario at Babile, Wa, and Bole (see

Figure 9). This is shown by the purple square point scattering in the lower to medium part above the 45° line. Similarly,
Tmin is expected to increase gradually at Bui and Sunyani in the 2080s under the RCP 8.5. For some reason, Tmin is expected
to decrease gradually in all three periods under all scenarios at Wenchi. This is seen as most of the scatter points fell at the
lower triangular portion of the plot (see Figure 9). For the assessment of partial-trend, Tmax, and Tmin show the same partial-

trend patterns. These partial trends are particularly likely to be more tangible when their respective values increase, indicating
an obvious occurrence of hot weather events in future periods. However, the decreasing trends in Tmin at some stations show
the discontinuation of warming by the end of the 21st century. This is in line with the findings of the IPCC (2014). This vali-

dates the findings of Kebede et al. (2013) after downscaling Tmin and Tmax under the A1B scenario. Tmin was found to decrease
in the future (Kebede et al. 2013), however, the decrease in Tmin is expected to be drastic compared to the current study.

4. IMPLICATIONS OF THE PROJECTED CLIMATE CHANGES IN THE BVB

In the face of higher temperatures, an outbreak of diseases is expected to increase. Previous studies have revealed the out-

break of diseases such as measles, cholera, diarrhea, guinea worm, and cerebrospinal meningitis among others as a result
of the increase in temperature and decrease in Prcp in Ghana (Asante & Amuakwa-Mensah 2015). Again, an increase in
temperatures coupled with poor drainage systems may increase vector-borne diseases such as malaria Haines et al. (2006)
found that climate change may affect the spread of mortality and morbidity through physical impacts of exposure to high
and low temperatures.

Moreover, crop yield in the basin is expected to be affected due to drought. Kusakari et al. (2014) found that the Upper

West region located in the northern part of the BVB of Ghana is vulnerable to climate variability and extreme conditions
such as floods and droughts severe temperatures. This affects agriculture which serves as the major livelihood (GSS 2021),
and renders it defenseless in the face of harsh climate conditions. Studies (Dayour et al. 2014; Gordon et al. 2019) revealed
that most agricultural activities in the north of Ghana rely tangibly on the rainfed system, making them susceptible to climate-
related extremes. For instance, rice is a major crop produced in northern Ghana that runs on irrigation schemes and the
rainfed uplands and lowlands system. Therefore, under extreme conditions, rice production is likely to drop. Knox et al.
(2011) found that there is a projected variation of about �8% in rice production. Again, wheat production is expected to

drop by about 99% over West Africa in the 2080s. However, maize production is expected to drop by 1–7%. Also, Boatemaa
et al. (2022) revealed that crop irrigation requirements for tomatoes at Bole are expected to increase by 21 and 27% under
RCPs 4.5 and 8.5, respectively, in the 2080s. Perennial water scarcity is known to be predominant in the Savannah zone

where the BVB lies. This poses a threat to dry-season farming, mostly rainfed in the basin. For this reason, there is an expected
increase in food prices and seasonal migration of households to southern Ghana in the dry season in quest of fertile lands and
mining sites to feed family members in the future.
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Moreover, Bessah et al. (2022) showed that the stations in the transitional zone (Wenchi and Sunyani) aligned to one of the

three major climatic zones characterized by similar factors while delineating the climatic zones in Ghana. Therefore, a future
shift in temperatures, rainfall seasonality, or monthly patterns may trigger a potential reclassification of the agroecological
zones in the BVB. This will help in formulating adequate policies to manage climate-related interventions such as planting

for food and jobs. Future water requirements for the production of food and energy as well as domestic sustenance are
expected to surge by 34% by 2030 (Opoku et al. 2022).

Flooding events are expected to occur in the face of increased precipitation events. This calls for mitigation and adaptation
strategies for floods, especially in the 2050s and 2080s. The report of OCHA (2007a) recorded the negative impacts of a cat-

astrophic flood that hit West Africa in 2007. This led to the loss of lives, severe food shortage, and polluted water bodies in the
BVB. About 56 people lost their lives and 332,600 people were affected in the northern, Upper West, and East region of
Ghana (OCHA 2007b). Sawai et al. (2014) noted that, despite the BVB being located downstream in the semi-arid zone,

floods and droughts are the main challenges. For instance, another devastating flood that occurred in August 2021 after a
12-hour downpour in the Upper West region left some 1,605 people in the Jirapa district, Lawra municipality, and the
Nadowli-Kaleo district greatly affected (Mordey 2021). About 722 farms were lost as a result. Again, approximately 336

people were displaced and 155 houses were destroyed. Also, farmlands, communities, and irrigation sites were flooded
along the Nadowli-Tangasie highway. The main bridge on the Wa-Hale Road that links the Jirapa, Nandom municipalities,
Nadow-Kaleo districts to Wa was washed away. This calls for an urgent climate adaptation and mitigation actions to abate the

adverse effects of climate change to make cities in the BVB safer, sustainable, inclusive and resilient which addresses the sus-
tainable development goals 11 and 13.

Finally, in the face of a drop in precipitation events, water levels in the basin are expected to fall, adversely affecting the Bui
dam’s hydropower operations. In 2014, the dam recorded a drop in water level by about 5 m below the maximum reservoir

level of 183 m above sea level at an elevation of about 177.9 m above sea level (Bui Power Authority 2014). Therefore, the Bui
Power Authority must plan strategically to meet extreme climate changes so that the dam can operate above the projected
minimum of 172.09 m above sea level under varying climates by the end of the 21st century.

5. CONCLUSION

The study successfully employed the SDSM tool to downscale daily Prcp, Tmax, and Tmin and generated future climate pro-
jections using HadCM3 and CanESM2 GCM predictors over the BVB of Ghana. The performance of the model was
evaluated based on Taylor diagrams, dimensionless, dimensioned, and goodness-of-fit statistics. The calibrated models can
be utilized for future scenario development because the statistics of the validated models were within the permitted range.

The performance of the SDSM was found to be better in downscaling daily Tmax and Tmin compared to Prcp as shown by
the various statistics used.

The trend analysis of projected future climate changes by delta statistics conforms with the results of the ITA. Tmax was

projected to increase in the BVB at a higher degree compared to Tmin. Tmax and Tmin are expected to increase by 0.22–
2.44 and 0.002–1.83 °C in 2080s, respectively, which are relatively higher compared to the values of the other scenarios as
revealed by the delta statistics and the relative location of the scatter points on the ITA plots. Concerning daily Prcp,

there was a higher magnitude of variability in the downscaled outputs compared to Tmax and Tmin. The future Prcp projected
by HadCM3 and CanESM2 indicated a decreasing trend as revealed by the delta statistics and ITA plots. Both models pro-
jected near- to far-future decreases by 2.05–23.89, 5.41–46.35, and 5.84–35.33% in the 2020s, 2050s, and 2080s. In summary,

the findings of this study infer that the BVB has a high tendency of becoming drier and hotter in future periods, which may
lead to potential challenges relating to water, food, and energy consumption. The findings of the study are therefore expected
to inform policies in Ghana, especially related to water, food, and energy in the basin, and are informative for pragmatic cli-
mate adaptation and mitigation strategies. This signifies there must be an urgent diversification of energy sources by policy-

makers and stakeholders to develop a more resilient energy sector to support energy demands especially during severe water
drops which leads to variabilities in hydropower generation. Therefore, energy providers as well as the government of Ghana
must consider investing in renewable energy sources such as thermal power plants and solar energy to supplement electricity

generation. Moreover, energy sector investors must critically consider the effects of rainfall and temperature on potential
energy generation. Beyond this, the government and policy-makers must foster the ‘Green Ghana’ agenda to support the
decentralization of the prime goal of climate resilience to the grassroot level. Again, policy-makers and stakeholders must
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consider formulating policies that aim at mitigating the negative impacts of floods and droughts such as the utilization of rain-

water harvesting systems as a potential for drought and flood mitigation, the design of infrastructure and production schemes
to cater for higher risks of damages due to drought or floods, the development and implementation of early warning systems
as well as the effective and efficient management of various water and agricultural resource projects in the BVB. Such climate

actions improve the interdependency between people and their natural environment. The findings of the study are expected to
influence evidence-based decision-making by stakeholders to directly relate climate actions to pressing needs based on scen-
ario modeling. However, the study was limited to CMIP3 and CMIP5, future studies should consider socio-economic
parameters that influence climate change in the BVB. Therefore, detailed future analysis is required to explore the new

CMIP6 data under the shared socio-economic pathway scenarios.
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