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Abstract

Climate model simulations are frequently affected by biases, which
makes it difficult to incorporate them directly into analyses of the impact of
climate change. It is therefore essential to use bias correction methods to
minimize discrepancies between real data and that generated by Regional
Climate Models (RCMs). This study aims to analyze the results of three bias
correction methods (LS, MQE, and MQG) applied to the processing of mean
rainfall and temperature data from CORDEX-Africa's Regional Climate
Models (RCMs), specifically in the north-eastern region of Lake Chad. Four
statistical measures (bias, RMSE, r2, and MEA) were used to assess the
effectiveness of each bias correction method. In addition, adjusted Mann-
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Kendall analysis and the Sen slope estimation method were applied to study
trends and their magnitude over the recent (1975-2020) and future (2021-
2050) periods, using a 5% significance level. The results highlight the
existence of significant biases between the uncorrected RCM outputs and the
observed data. After applying the bias correction, significant reductions in bias
and comparable performance between the different bias correction methods
were observed, with the LS method performing slightly better in correcting
biases in monthly mean precipitation and temperature. Consequently, the LS
method was selectively applied to correct the biases in the RCM monthly mean
precipitation and temperature projections for the 2021-2050 period under the
RCP4.5 and RCP8.5 scenarios using the 1975-2004 reference period. The
results of multi-model averaging of RCMs under the RCP4.5 and RCP8.5
scenarios indicate a significant increase in mean annual temperatures over the
period 2021-2050. As far as annual precipitation is concerned, only an
increase is forecast under the RCP4.5 scenario. Under the RCP8.5 scenario,
the absence of a precipitation trend is predominant, with the exception of the
south of the zone, where an increasing trend has been observed. In light of
these results, it is clear that the impact of climate change will intensify in the
study area in the future. It is imperative to develop strategies to adapt and
reduce the impacts in order to manage the availability of water resources
efficiently.

Keywords: Bias correction, MCR, climate change projections, bias correction
methods, and Northeastern Lake Chad

1. Introduction

The management of water resources in the context of climate change
represents a major challenge for the scientific community over the coming
decades. By analyzing the effects of climate change on the issue of global
water scarcity, Gosling & Arnell (2016), noted that climate change is likely to
lead to significant changes in the global hydrological cycle due to variations
in climatic parameters. In sub-Saharan Africa, particularly in the Sahel region,
the effects of climate change are already being felt. These impacts are affecting
key areas such as water availability, agriculture, and energy. These impacts
have repercussions on key sectors such as water supply, agriculture, and
energy (N’Tcha M’Po et al., 2016). In its fourth report, the IPCC (2007),
indicated that climate change has begun to have an impact on the frequency,
intensity and duration of extreme events, such as high temperatures and large
fluctuations in precipitation. General circulation models (GCMs) are the most
powerful tools for predicting climate change linked to future greenhouse gas
concentration scenarios, thus enabling a strategy to be implemented (Siam et
al., 2013). However, Rummukainen (2016), believes that GCMs generally
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have a spatial resolution greater than 100 km x 100 km, which restricts their
ability to simulate climate at local or regional scales. Previous studies have
also shown that GCM simulations and forecasts of the hydrological cycle are
sometimes very uncertain and that the processes governing local precipitation
are difficult to resolve (Siam et al., 2013; Lafon et al., 2013; N’Tcha M’Po et
al., 2016; Rummukainen, 2016; Pastén-Zapata et al., 2020). It therefore
appears necessary to reduce the scale in order to obtain a simulation on
hydrologically relevant spatial and temporal scales. Downscaling is an
increasingly common technique in hydrology for assessing the effects of
climate change. According to Fowler et al. (2007), it aims to reduce the
difference between low spatial resolution hydrological models and regional,
catchment, or point-scale hydrological models. Regional climate models
(RCMs) are used. RCMs offer a physically more realistic approach to
downscaling GCMs than statistical downscaling, as they allow explicit
representation of the mesoscale atmospheric processes that drive heavy
precipitation (Lafon et al., 2013). These models focus on specific sub-regional
areas and more accurately incorporate regional features such as topography,
coastlines, and islands (Pastén-Zapata et al., 2020). Today, they have a
resolution ranging from 50 km to around 1 to 5 km (Rummukainen, 2016).
However, RCMs do not always accurately reproduce precipitation and
temperature at all times of day. Many previous studies have highlighted the
fact that the data simulated by RCMs cannot be used directly as input data
without being protected against systematic errors (Christensen et al., 2007;
Piani et al., 2010; Hagemann et al., 2011; Gudmundsson et al., 2012; Kaboré
et al., 2015). These errors are generally caused by sources such as errors
transferred from GCMs to RCMs (Ibrahim, 2012). A number of methods have
been developed to minimize these errors. These are known as bias correction
methods. These methods help to reduce biases in the mean, variance, or overall
distribution of the simulated climate variables (Teutschbein & Seibert, 2012;
Lafon et al., 2013; Maraun, 2013). In addition, given that climate change can
have an impact on water resources (IPCC, 2014), in order to manage water
resources in a region it is essential to carry out an in-depth study that examines
long-term climate trends in order to improve the results of these actions. For
the present study, the most frequently used bias correction methods, such as
the linear scaling method, the empirical quantile methods (EQM) and finally
the quantile methods based on the gamma distribution (QGM), were selected
in order to correct the biases in the RCM simulations. The primary objective
of this work is to evaluate the performance of three (03) bias correction
methods for monthly mean precipitation and temperature. The second
objective of this work is to analyze trends in precipitation and temperature
based on observed (1975-2020) and bias-corrected data for the period 2021-
2050.
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2- Materials and Methods
2.1-  Description of the study area

The study area, the north-east of Lake Chad, is located in the
sedimentary basin of Lake Chad in the Lake Chad Province of Chad.
Geographically, it lies between 12 and 14 degrees North latitude and 13 and
16 degrees East longitude (Fig. 1). It covers an area of 1,2187 km2. The
climate in this area is semi-arid, with two distinct seasons: the dry season
lasting around 7 months, from October to April, and the rainy season covering
5 months, from May to September. Annual rainfall can reach up to 450 mm.
July and August are characterized by heavier rainfall, with average
temperatures ranging from 28°C to 36°C.
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Figure 1: Location of the study area
2.2- Data

2.2.1- MCR data

In this study, daily precipitation and temperature simulated from four
(04) regional climate models were used. The RCMs used are HIRHAMD5,
RACMO2.2T, RCA4, and CCCma-CanESM2 (Table 1). These models are
available as part of the Coordinated Regional Climate Scale
Experiment (CORDEX) over Africa, based on CMIP5 (Taylor et al., 2012).
The set of simulations was performed with a resolution of 0.44 for the period
1950 to 2100, in the same CORDEX-Africa domain. Several previous studies
have made extensive use of these methods in Central Africa, particularly in
the Lake Chad basin, and the results have demonstrated reasonable
performance (Akinsanola et al., 2015; Fotso-Nguemo et al., 2018; Nkiaka et
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al., 2018a; Adeyeri et al., 2020; Mbienda et al., 2022). The RCM forecast
scenarios used for this work are those of RCP8.5 and RCP4.5, which are

available for the period 2006-2100.
Table 1: Summary of regional climate models

MCRs Institutions/ Reference MCGs

HIRHAMb5 Darmarks Meteorologiske Instut (DMI)(Christensen et | ICHEC-EC-
al., 2007) EARTH

RACMO22T | Koninklijk  Nederlands  Meteorologisch  Instituut | ICHEC-EC-
(KNMI), Netherlands (Meijgaard et al., 2008) EARTH

RCA4 Swedish Meteorological and Hydrological Institute, | MIROC-
Sweden (Samuelsson et al., 2011) MIROCH

CanESM2 Canadian Centre for Climate Modelling and Analysis | CCCma
(Caya et al., 1995)

2.2.2- Observed data

In this study, observed data from two observation stations (Ngouri and
Bol), as supplied by the Chad National Meteorological Agency (ANAM), and
from the Climatic Research Unit (CRU) are used to develop bias correction
methods and compare them with the RCM results. Due to the lack of
meteorological data, it was necessary to collect and analyse observation data
from satellites. These data were obtained from the Climatic Research Unit
(CRU), and more specifically from the latest version of CRU TS4.7 (Climatic
Research Unit gridded time series) developed by Harris et al. (2020). These
data, with a grid resolution of 0.05° (~5 km), have been used as a reference for
observing precipitation and temperature. Various previous studies have used
these data to assess the effectiveness of CMIP5 models ( Rowell, 2013; GIZ,
2015; Nkiaka et al., 2018b; Mahmood et al., 2019; Taguela et al., 2020; WB,
2020; World Bank Group, 2022).

2.3-  Bias correction methods

As part of this study, three (03) bias correction methods (LS, EQM and
GQM) for precipitation and temperature were chosen to correct the biases
from the RCMs. Using these methods, it is possible to correct the biases in the
raw outputs of the RCMs selected for this project. These techniques were
selected on the basis of previous research ( Lenderink et al., 2007; Maraun,
2013; Hawkins et al., 2013; Ramirez-Villegas et al., 2013; Fang et al., 2015;
Holthuijzen et al., 2022) which demonstrated that each of these methods can
significantly reduce the biases contained in the RCM outputs.

2.3.1- Scaling method(LS)

This approach makes it possible to establish a precise correlation
between the monthly mean of the corrected values and the observed values
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(Lenderink et al., 2007). It works with monthly correction values that are based
on the differences between observed data and raw data simulated by climate
models (Fang et al., 2015). There are several formulations for this linear
scaling method ( Lenderink et al., 2007; Fang et al., 2015). The formulation
used in this work is by Fang et al., (2015). According to these authors,
precipitation is generally corrected with a multiplier factor and temperature
with an additive term on a monthly basis:

M (Pobs,m)
“n (Praw.m)

Tcor.m,d - Tra“-;m,d + 1 (Tobs,m) — K (Travif.m)

Peor,m,d = Praw,m,d X

?

(1)

The variables Pcor, m, d and Tcor,m, d refer respectively to the
corrected precipitation and temperature for the dth day of the same month,
while Praw, m, d and Traw, M, d refer to the raw precipitation and temperature
for the same day of the same month. The expectation operator, denoted (.),
is used to represent the average rainfall observed in a given month m, for
example p (Pobs, m).

2.3.2- Empirical quantile methods (EQM)

One of the commonly used tools for bias correction of RCM
simulations is empirical quantile mapping (EQM), which maps simulated to
observed cumulative distribution functions (CDFs), which are empirically
constructed based on data from a historical period (Byun & Hamlet, 2019).
According to Déqué et al.(2007), the quantile-quantile bias correction method
involves comparing the observed quantiles with the simulated quantiles during
the reference period in order to establish equality. It uses the empirical
distributions of the data series (precipitation and temperature) observed and
simulated by the RCMs to correct the biases of these projections, hence the
name of the procedure (N’tcha M’Po et al.,2016). MQE is one of the most
frequently used and effective methods for bias correction(Holthuijzen et al.,
2022). Several researchers (Boé et al., 2007 ; Gudmundsson et al., 2012 ;
N’Tcha M'po et al.,2016; Byun & Hamlet, 2019 ; Song et al., 2021;
Holthuijzen et al., 2022) have used this method to apply bias corrections to the
different variables simulated by RCMs. The classical formulation is given by

y Obs l].od

)
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Where x and y denote respectively the value to be corrected and the
corrected value, while Fons and Fmod represent respectively the distributions of
the values observed and simulated by the climate model

2.3.3- Gamma distribution quantile method (GQM)

This method is only applicable to precipitation (Piani et al., 2010). In
general, the non-parametric bias correction method is used for all possible
precipitation distributions, without making any assumptions about the actual
precipitation distribution (Fang et al., 2015). It is known that this method can
improve the bias correction simulated by RCMs. The theoretical distribution
is used rather than the empirical distribution. The two-parameter gamma
distribution is used to describe daily precipitation (VI¢ek & Huth, 2009). The
theoretical distribution is used rather than the empirical distribution. It also has
the ability to remove some extreme values caused by errors, while preserving
the limiting value. The equation that gives its probability density function f(x)

is as follows:
x& exp{xj
VA

T

(3)

Where o and B are shape and scale parameters, respectively, and I'(y)
is the Gamma function. Several authors (VI¢ek & Huth, 2009; Piani et al.,
2010a; Wilcke et al., 2013) have had to revisit this approach in their work.

x% exp| — X
£ = d

()
(4)

Where a and B are shape and scale parameters, respectively, and I'(y)
is the Gamma function. Several authors (VI¢ek & Huth, 2009; Piani et al.,
2010a; Wilcke et al., 2013) have had to revisit this approach in their work.

2.4-  Evaluation of the performance of bias correction methods

For this study, four criteria were used to evaluate the performance of
the bias correction methods (Fig. 2). The mean absolute error (MAE), the root
mean square error (RMSE), the correlation coefficient (r?), and the percentage
bias (Pbiais). The criteria for evaluating bias correction techniques and climate
models are selected based on various studies ( Moriasi et al., 2007; Fang et al.,
2015; Hamed et al., 2021; Hanchane et al., 2023) ,that have demonstrated the
importance of these statistical criteria for evaluating model performance.
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Figure 2: Framework for correcting biases in climate model data

2.5-  Modified Mann-Kendall and Mann-Kendall test
2.5.1- Modified Mann-Kendall and Mann-Kendall test

The Mann-Kendall test is a rank-based statistical test frequently used
to analyse trends in climate data (Mavromatis & Stathis, 2011). The aim of
this test is to statistically evaluate whether or not there is a monotonic trend
towards an increase or decrease in the variable studied over
time. (Souleymane et al., 2019). Not only does it have the advantage of being
less sensitive to outliers and missing values, but it also does not require a
normally distributed data set, which is common in hydroclimatic data (Ahmad
et al., 2015; Yazid & Humphries, 2015). Many studies have used this test in
different regions of the globe to quantify the significance of trends in
hydrometeorological time series (Bayazit & Onéz, 2007; Gocic & Trajkovic,
2013 ; Nkiaka et al., 2017) and have shown that the non-parametric Mann-
Kendall test is more powerful than some parametric tests, especially when
dealing with asymmetric data. The Mann-Kendal test is based on two
assumptions. The assumption (HO) is that there is no trend in the data, while

www.eujournal.org 211



http://www.eujournal.org/

European Scientific Journal, ESJ ISSN: 1857-7881 (Print) ¢ - ISSN 1857-7431
October 2024 edition Vol.20, No0.30

the alternative assumption (H1) suggests that there has been a monotonically
increasing or decreasing (rising or falling) trend over time (Agbo et al., 2021).
The Mann-Kendall S statistic is calculated from the following equation:

n-1 n
S = Z Sgn(Xj — Xi)
i=1  j=it1

(8)

Where the function Sgn is defined by Sgn (X) = 1 for X > 0; Sgn (X)
=0 for X =0and Sgn (X) =-1 for X <0. Xj and Xk are sequential data values
for the time series data of length n.

The Z statistic is calculated as follows:

& ifS>0
VAR (S)
Z =10 ifrS=20
S5+1
- if S<O.
VAR (S)

(9)

According to Neha (2012), time series analysis first requires trends to
be tested by taking into account autocorrelation or serial correlation, which is
the correlation of a variable with itself over successive time intervals.
According to the same author, autocorrelation increases the chances of
detecting significant trends, even if they are neglected, and vice versa. It is
from this point of view that Hamed & Rao (1998) proposed a modified Mann-
Kendall test that calculates the autocorrelation between ranks after removing
the apparent trend. Unlike the original Mann-Kendall test, the modified Mann-
Kendall test offers the advantage of reducing the impact of correlation between
series by taking into account the dependence between series by including a
covariance term in the calculation of the variance of the MK test. The adjusted
variance is determined by the following equation:

1N
V[S] N(N — 1)(2N + 5)]

ZE[ NS *

(10)

ﬂ _ ; p . e s .
Where e 1+ N D(— Zi=1 (N—D(N—-i—1)(N—i—2)ps(i)

With N representing the observation size of the sample, NS* represents the
effective number of observations to take into account the autocorrelation in
the data, ps (i) represents the autocorrelation between the ranks of the
observations for lag i, and p represents the maximum lag considered (Sinha &
Cherkauer (2008)). For the present work, the "mkmodified" package
developed in the R language was downloaded free of charge and used to
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determine trends in precipitation and temperature (minimum and maximum)
at annual and seasonal time steps for the recent (1975-2020) and future (2021-
2099) periods.

3- Results and Discussion
3.1-  Results
3.1.1- Evaluation of bias correction methods
3.1.1.1-Bias correction for average monthly rainfall simulated by RCMs
The results of the mean monthly precipitation simulated by these
RCMs in the raw state and corrected state in comparison with observed data
are shown in Figures 3-6. The comparison reveals both an underestimation
and an overestimation of the raw monthly mean precipitation for various
months across the entire study area. Nevertheless, once the three bias
correction methods have been applied to adequately reduce the discrepancies
between the observed and simulated raw data, the results reveal overall close
agreement between the corrected and observed data, as highlighted in the
graphs. Furthermore, the level of agreement between observed and corrected
precipitation data varies from one locality to another, from one bias correction
method to another, and also from one model to another. It is clear that these
methods can be used to correct biases in future precipitation.
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Figure 3: Comparison of average monthly precipitation observed, simulated by the
CanESM2 model and corrected by the bias correction methods
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3.1.1.2- Correcting for bias in mean monthly temperatures simulated by

RCMs

Figures 7-10 summarize the observed, simulated, and simulated
temperatures corrected by the LS method and the RMSE. Comparing the
observed temperature data with the raw simulated temperature data, there is a
shift in the curves, which shows an overall overestimation of temperatures.
This shift is explained by an underestimation and overestimation of the
temperature outputs simulated by the RCMs. This requires the biases in the
temperatures simulated by the RCMs to be corrected using bias correction
methods. After bias correction, the graphs showing the observed and simulated
monthly mean temperature curves corrected by the bias correction methods
are in agreement. The two methods used to correct the biases significantly
reduced the differences between the observed and simulated data for all four
RCMs used in this study. The graphs show good agreement between the curves
of the two methods and the observed data.
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Figure 7: Comparison of average monthly temperatures observed, simulated by the
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Figure 8: Comparison of average monthly temperatures observed, simulated by the
HIRHAMDS model and corrected by bias correction methods.
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Figure 10: Comparison of average monthly temperatures observed, simulated by the RCA4
model and corrected by bias correction methods

3.1.2 Evaluation of the performance of bias correction methods.

After evaluating the performance of the three bias correction methods
used to correct the biases in the RCM outputs, four statistical measures (MEA,
RMSE, r2, and Pbiais) were implemented to assess their performance. A
significant difference was found between the raw simulated results and the
results corrected for precipitation and temperature throughout the study area.
The overestimation and underestimation of precipitation and temperature
simulated by the RCMs were significantly well adjusted by the three bias
correction methods used. All the bias correction methods applied improved
the raw precipitation and temperatures simulated by the RCMs, although
disparities remained in their corrected statistics. For precipitation, the values
of the statistical parameters corresponding to each method and model are
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shown in the table. The results of the study indicate that all three bias
correction methods are effective in correcting the monthly mean precipitation
simulated by RCMs. When comparing the values of the statistical rainfall
measurements corrected by the different bias correction methods, the LS
method performs better than the GQM and EQM methods. The values of the
RMSE error, the MEA, and the precipitation Pbias corrected by the LS method
are lower than those obtained by the GQM and EQM methods, thus
demonstrating the effectiveness of this approach. In addition, the correlation
coefficient values obtained from the LS method are relatively higher (greater
than 0.5) than those obtained from the GQM and EQM methods. This shows
a good correlation between precipitation corrected by the LS method and
observed precipitation. At most of the observation sites, the LS method was
found to be more effective at correcting biases than the other two methods, as
shown in figures 3-10. It should be noted that the LS method was found to be
more effective at correcting biases in RCM-simulated precipitation than the
other two methods. Given that RMSE and MEA are two performance
indicators for evaluating bias-sensitive bias correction methods (N'Tcha M'Po
etal., 2016), this indicates that the linear scaling method corrects precipitation
biases better than the EQM and GQM methods. Overall, the bias correction
methods show acceptable performance (LS method), with the correlation
coefficient (r?) and mean absolute error (MAE) showing satisfactory values
(Table I1). The linear scaling and empirical quantile methods show very good
correlation agreement with the observed data. However, the linear scaling
method is more effective in correcting for biases in monthly mean
temperatures, providing very low values for metrics such as the Pbiais, which
is between 0.987 and 1%. RMSE values range from 0.987 to 1 mm and r?
values from 0.645 to 0.746. Taking into account the calculations of Pbiais, r?,
MEA, and RMSE, it is clear that the linear scaling method offers better results
for correcting biases than the empirical method, both for precipitation and

corrected mean temperatures.
Table 2: Comparison of different methods for correcting bias in statistical measures of
performance
MEA RMSE Pbiais r2
Monthly precipitation

Brute 18,60 36,87 -2,72 0,57
RCA4 LS 1798 33,11 15,23 0,61
GQM 18,39 34,99 -1,42 0,58
EQOM 1795 36,38 -16,63 0,57
Brute 20,36 3895 -2891 0,57
HIRHAM5 LS 1953 36,99 1041 0,71
GQM 20,79 3531 10,31 0,55
EQM 2188 37,29 -3,52 0,56
Brute 24,04 4432 193,86 0,50
RACMO2.2T LS 20,64 37,11 12,14 0,63
GQM 23,14 4066 2413 0,52
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EQM 23,01 4064 2362 051
Brute 3246 5950 111,23 0,39
CanCM4 LS 2330 3809 13,42 0,67
GQM 2732 4140 22,08 0,40
EQM 2870 46,74 2372 043
Average monthly temperature
RCA4 Brute 2,18 2,67 -6,25 0,86
LS 1,72 2,11 0,82 0,86
EQM 171 2,37 1,13 0,83
Brute 2,26 2,72 6.68 0,86
HIRHAMS5 LS 155 1,93 0.58 0,86
EQM 172 1,935 1,12 0,82
Brute 4,83 536 -16.85 0,76
RACMO2.2T LS 1,97 2,47 0.72 0,76
EQM 2,15 2,85 1,11 0,70
Brute 1,97 2,41 -385 0,82
CanESM2 LS 1,76 2,19 0,78 0,82
EQM 187 2,53 0,70 0,80

3.2-  Analysis of observed and simulated precipitation and temperature

trends
3.2.1- Analysis of precipitation trends

The modified Mann-Kendall test and the Sen slope estimator were
applied to detect trends at the annual time step in the precipitation series of the
observations and CRU data over the recent period 1975-2020 and of a multi-
model ensemble of 4 RCMs of the RCP4.5 and RCP8.5 scenarios for the future
period 2021-2050. The results of all the analyses carried out at the 95%
confidence level (o = 0.05) are shown in Table 3. The results of the analyses
revealed statistically significant upward trends in annual precipitation
observed at the level of the CRU grids (G1, G2, G3, G4, and G6). However,
no trend was detected at the stations (Stl and St2) in the G5 grid. The
magnitude (Sen slope) varies from 0.423 to 5.540. For simulated mean annual
precipitation corrected by the linear scaling method, the multi-model mean
analysis of the RCP4.5 scenario predicts a statistically significant upward
trend in simulated annual precipitation over the entire study area. The
magnitudes of Sen's predicted slope estimator are in the range 1.472 to 2.252.
Under the pessimistic RCP8.5 scenarios, the absence of a trend is observed in
almost the entire study area except at grid6 level (to the south), where a
statistically significant upward trend in annual precipitation is observed with
a magnitude ranging from 0.164 to 1.184.
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Table 3: Results of modified Mann-Kendall trend tests and Sen slope for observed and bias-
corrected annual precipitation time series from RCMs at the 5% significance level

Grille /station Z-original ~ P-valu New-P-valu Z-corrected Pente
Sen

G1 3,484 0,000 0,001 2,694 3,484

G2 3,294 0,000 0,002 5,540 3,294

G3 3,427 0,000 0,000 1,194 3,427

G4 2,859 0,001 0,001 2,941 2,859

CRU G5 2,745 0,062 0,050 0,423 2,745
Stl 0,662 0,507 0,444 0,742 0,662

G6 3,313 0,000 0,000 2,941 3,313

St2 0,795 0,426 0,426 0,781 0,795

G1 2,854 | 0,004 0,004 2,854 2,252

G2 2,176 | 0,029 0,029 2,176 1,535

G3 1,998 | 0,045 0,045 1,998 1,712

RCP4.5 G4 1,926 | 0,054 0,054 2,872 1,736
G5 1,748 | 0,004 0,004 2,105 1,624

Stl 2,105 | 0,003 0,035 4,507 1,472

G6 1,926 | 0,054 0,000 3,905 1,725

St2 2,176 | 0,029 0.000 1,759 1,759

G1 0,214 | 0,830 0,214 0,830 0,758

G2 0,499 | 0,483 0,483 0,628 0,293

G3 0,249 | 0,802 0,249 0,802 0,164

RCP8.5 G4 0,606 | 0,544 0,606 0,544 0,322
G5 0,142 | 0,886 0,142 0,886 0,448

Stl 0,677 | 0,497 0,677 0,497 1,184

G6 0,285 | 0,775 0,285 0,775 0,453

St2 0,249 | 0,802 0,279 0,779 0,930

3.2.2- Analysis of average annual temperature trends

The observed data for mean annual temperatures and the multi-model
mean of the Regional Climate Models (RCMs) under the RCP4.5 and RCP8.5
scenarios were subjected to an analysis similar to that for precipitation, using
the modified Mann-Kendall test with a 95% confidence level to identify trends
and assess Sen's slopes. Examination of the observation data and the Climatic
Research Unit (CRU) data reveals, at a significance level of 5%, an upward
trend in mean annual temperatures, as presented in table 4. The magnitudes of
the significant upward trends range from 0.016°C/year to 0.021°Cl/year. In
contrast to the simulated annual precipitation, the RCM averages under the
RCP4.5 and RCP8.5 scenarios show statistically significant upward trends in
mean annual temperatures over the entire study area. The amplitudes of the
trends predicted under the RCP4.5 scenario range from 0.034°Clyear to
0.037°Clyear. Under the RCP8.5 scenarios, the amplitude variations range
from 0.044°C/year to 0.04°Clyear.
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Discussion

Wilcke et al.(2013), defined bias as the long-term average difference
between model and observation. This bias is mostly caused by sources such as
errors transmitted by GCMs to RCMs, internal climate variations, and
downscaling tools and methods(Fowler et al., 2007; Ibrahim, 2012; Phuong et
al., 2020). Several bias correction methods have been developed by a number
of scientists (Piani et al., 2010a; Piani et al., 2010b; ThemeRl et al., 2012; Fang
et al., 2015 ). For this study, three bias correction techniques (LS, EQM, and
GQM) were used to correct the biases simulated by the RCMs during the
monthly evaluations. After evaluating the performance of the methods
mentioned, it was found that the EQM and GQM methods had difficulty in
correcting the biases more effectively than the linear scaling method. It is
possible that these problems are linked to the distribution of climatic variables
(precipitation and temperature) but also to the weather Adeyeri et al.(2020),
have made similar observations. This observation has been made by certain
authors (Piani et al., 2010a; Gudmundsson et al., 2012; Maraun, 2013;
Ezéchiel et al., 2016; N’Tcha M’Po et al., 2016). These authors argue that bias
correction methods encounter obstacles due to the variability of precipitation,
the assumption of bias stationarity, or the fact that this assumption is not
verified in arid to semi-arid zones. Precipitation corrected by the EQM and
GQM methods shows a large discrepancy with observed precipitation. This
discrepancy is attributable to the inability of these methods to successfully
correct for variations in precipitation as a function of monthly time. The LS
method was more successful in correcting the biases for both precipitation and
temperature, as the results show. The results of this method indicate that
certain evaluation criteria are generally weak (RMSE, MEA, and Pbiais) and
strong (r?), demonstrating good performance of the LS method. By comparing
seven (07) bias correction techniques in the Mekrou catchment area, it was
reported that the linear scaling method performed better in reducing biases in
monthly precipitation, while other methods (such as QGM) rather have a
negative impact on the quality of monthly precipitation. In short, the linear
scaling method was able to correct the biases simulated by the RCMs more
effectively than the other two methods, even though there were some
overestimates of precipitation, which seems unavoidable since, according to
the authors, there is a tendency to overestimate precipitation Pastén-Zapata et
al.(2020), no bias correction method can totally eliminate bias. According to
Nguyen et al. (2017), the choice of bias correction methods depends on the
specific needs of each study. Trend analysis using the modified Mann-Kendall
test for both observational and CRU data showed overall positive upward
trends in annual mean precipitation and temperature. These upward trends in
precipitation and temperature are closely correlated with the work of
Mahmood et al. (2019), in the Lake Chad basin, which revealed a trend
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towards a gradual increase in rainfall after the 1980s and high temperatures
since the drought periods (1973 and 1985). The multi-model approach under
the RCP4.5 scenario predicts a statistically significant increase in annual
rainfall over the 2021-2050 period in almost the entire study area. The increase
in precipitation over this period was also predicted by the RCP8.5 scenarios,
although the absence of a trend dominates. These trends in future annual
rainfall increase are consistent with the predictions of Adeyeri et al. (2020),
who predict an increase in rainfall in the Komadugu-Y obe transboundary river
(Lake Chad basin) over the period 2020-2050. The prevalence of rainfall in
this study is consistent with research by Hartley et al.(2015), who estimated a
20-50% increase in rainfall between 2020 and 2049 in this region.
Furthermore, these forecasts are consistent with the IPCC report (2014), which
predicts significant increases in rainfall over the 21st century in the Sahelian
zone. As for future mean annual temperatures, the trend analysis showed that
the RCP4.5 and RCP8.5 scenarios agree in confirming strong statistically
significant trends over the entire study area. Strong upward trends in future
temperatures have also been confirmed by several studies carried out in
Central Africa, particularly in the Lake Chad basin ( Taylor et al., 2012; GIZ,
2015; Akinsanola et al., 2015; Fotso-Nguemo et al., 2017, 2018; Nkiaka et
al., 2018b; Mahmood et al., 2019; Taguela et al., 2020; Centre du climat, 2022;
Fitaetal., 2024). Although it is difficult to make real predictions about rainfall,
as indicated by the IPCC (2014), the high temperatures and slight increases in
precipitation predicted are already being felt in the study area through disasters
such as floods and droughts. These phenomena could lead to poor agricultural
yields, poor water quality, the disappearance of certain animal species (kouri
cattle), the increasing advance of the desert, and the disappearance of arable
land. It is therefore suggested that decision-makers and programs adopt global
approaches to encourage adaptation to climate change, which is already

evident in the semi-arid study area.
Table 4: Results of the modified Mann-Kendall trend tests and Sen's slope for the time
series of mean annual temperatures observed and corrected for RCM bias at the 5%
significance level

Average annual temperature(°C)

Z-original | P-value | Z-corrected | New-P-valu | Pente

Gl| 4450 | 0,006 3,663 0,003 | 0,032

G2 | 3,825 | 0,001 3,490 0,000 | 0,026

G3| 3591 | 0,000 4,275 0,000 | 0,020
Observed G4 | 3739 | 0,000 3,213 0,001 | 2941
(CRU)  G5| 2313 0,002 2214 0,007 0,018
Stl| 4,351 | 0,003 3,611 0,003 | 0,291

G6| 3270 | 0,001 4,373 0,000 | 0,023

St2 | 4506 | 0,000 3,688 0,000 | 0,028

Gl| 3425 | 0,006 5,861 0,000 | 0,038

G2 | 3354 | 0,007 3,354 0,007 | 0,033
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G3[ 3318 [ 0009 [ 4,129 0,003 [0,038
G4 | 3389 | 0,006 1,629 0,000 | 0,033
RCP45 G5| 3782 | 0001 | 4221 0,000 | 0,031
stt| 3603 | 0,003 9,516 0,00 | 0,038
G6| 3568 | 0,003 1,867 0,000 | 0,035
st2| 3175 | 0001 | 3,316 0,001 | 0,039
GL| 3889 | 0001 | 3889 0,00 | 0,054
G2| 3461 | 0005 | 3461 0,005 | 0,042
G3| 3782 | 0001 | 3,782 0,001 | 0,052
RCPg5 G4 | 4103 | 0004 | 7,808 0,004 | 0,042
G5| 3889 | 0001 | 3889 0,001 | 0503
Stt| 3817 | 0001 | 3817 0,001 | 0,049
G6| 3496 | 0004 | 3,926 0,008 | 0,040
St2| 3568 | 0003 | 3568 0,003 | 0,039

Gl, G2,...G6 = grid; St1 and St2 = station

Conclusion

The aim of this work is to evaluate the performance of three bias
correction methods in correcting the monthly mean rainfall and temperature
simulated by RCMs in northeastern Lake Chad. A number of statistical
measures (Pbiais, RMSE, r2, and MEA) were used to evaluate the
performance of the bias correction methods. The results showed that the linear
scaling method outperformed the other bias correction methods. Trend
analysis using the modified Mann-Kendall test for CRU observation data and
data simulated by the RCM multi-model approach under the RCP4.5 scenario
showed overall upward trends in recent and future mean annual precipitation
and temperature over the entire study area. On the other hand, the RCP8.5
scenarios are dominated by a lack of trend in recent and future precipitation
on the one hand and an increase in recent and future annual temperature (2021-
2050) on the other.

Acknowledgment

The authors express their gratitude to the Government of Benin, the
World Bank, and the Agence Francaise de Développement (AFD) for their
financial support for the project of the Centre d'Excellence d'Afrique pour I'eau
et lI'assainissement (C2EA) of the Institut National de I'Eau (INE), which
enabled this study to be carried out. In addition, thanks are extended to the
Agence Nationale de la Météorologie du Tchad for providing the
meteorological data used in this work and to the anonymous reviewers.

Conflict of Interest: The authors reported no conflict of interest.

Data Availability: All data are included in the content of the paper.

www.eujournal.org 222



http://www.eujournal.org/

European Scientific Journal, ESJ ISSN: 1857-7881 (Print) ¢ - ISSN 1857-7431
October 2024 edition Vol.20, No.30

Funding Statement: The authors did not obtain any funding for this research.

References:

1.

Adeyeri, O. E., Laux, P., Lawin, A. E., & Oyekan, K. S. A. (2020).
Multiple bias-correction of dynamically downscaled CMIP5 climate
models temperature projection: A case study of the transboundary
Komadugu-Yobe river basin, Lake Chad region, West Africa. SN
Applied Sciences, 2(7), 1221. https://doi.org/10.1007/s42452-020-
3009-4

Agbo, E. P., Ekpo, C. M., & Edet, C. O. (2021). Analysis of the effects
of meteorological parameters on radio refractivity, equivalent potential
temperature and field strength via Mann-Kendall test. Theoretical and
Applied Climatology, 143(3-4), 1437-1456.
https://doi.org/10.1007/s00704-020-03464-1

Ahmad, I., Tang, D., Wang, T., Wang, M., & Wagan, B. (2015).
Precipitation Trends over Time Using Mann-Kendall and Spearman’s
rho Tests in Swat River Basin, Pakistan. Advances in Meteorology,
2015, 1-15. https://doi.org/10.1155/2015/431860

Akinsanola, A. A., Ogunjobi, K. O., Gbode, I. E., & Ajayi, V. O.
(2015). Assessing the Capabilities of Three Regional Climate Models
over CORDEX Africa in Simulating West African Summer Monsoon
Precipitation. ~ Advances in  Meteorology, 2015, 1-13.
https://doi.org/10.1155/2015/935431

Bayazit, M., & Onéz, B. (2007). To prewhiten or not to prewhiten in
trend analysis? Hydrological Sciences Journal, 52(4), 611-624.
https://doi.org/10.1623/hysj.52.4.611

Boé, J., Terray, L., Habets, F., & Martin, E. (2007). Statistical and
dynamical downscaling of the Seine basin climate for hydro-
meteorological studies. International Journal of Climatology, 27(12),
1643-1655. https://doi.org/10.1002/joc.1602

Byun, K., & Hamlet, A. F. (2019). An improved empirical quantile
mapping procedure for bias correction of climate change projections.
In AGU Fall Meeting Abstracts (Vol. 2019, pp. GC31L-1369).,
GC31L-1369).

Caya, D., Laprise, R., Giguiére, M., Blanchet, J. P., Stocks, B. J.,
Boergeron, G. J., Boer, G. J., & Mcfarlane, N. A. (1995). Description
of the Canadian regional climate model. Water, Air and Soil Pollution,
82, 477-482.

Centre du climat. (2022). Fiche d’information Climat.

. Christensen, B., Martin, D., & Jens, H. C. (2007). The HIRHAM

Regional Climate Model. Version 5 (beta) (Technical Report 06-17).
Danish Climate Centre, DMI. http://www.dmi.dk/dmi/tr06-17

www.eujournal.org 223



http://www.eujournal.org/

European Scientific Journal, ESJ ISSN: 1857-7881 (Print) ¢ - ISSN 1857-7431
October 2024 edition Vol.20, No0.30

11.

12.

13.

14.

15.

16.

17.

18.

Déqué, M., Rowell, D. P., Luthi, D., Giorgi, F., Christensen, J. H.,
Rockel, B., Jacob, D., Kjellstrom, E., De Castro, M., & Van Den Hurk,
B. (2007). An intercomparison of regional climate simulations for
Europe: Assessing uncertainties in model projections. Climatic
Change, 81(S1), 53-70. https://doi.org/10.1007/s10584-006-9228-x
Ezéchiel, O., Eric, A. A., Josué, Z. E., Eliézer, B. |., & Amédée, C.
(2016). Comparative study of seven bias correction methods applied
to three Regional Climate Models in Mekrou catchment (Benin, West
Africa). International Journal of Current Engineering and
Technology, 6(5), 1831-1840.

Fang, G. H., Yang, J., Chen, Y. N., & Zammit, C. (2015). Comparing
bias correction methods in downscaling meteorological variables for a
hydrologic impact study in an arid area in China. Hydrology and Earth
System Sciences, 19(6), 2547-2559. https://doi.org/10.5194/hess-19-
2547-2015

Fita, E. D., Ombolo, A., Fotso-Nguemo, T. C., Saidou, D. B., Daika,
A., Chouto, S., & Mbele, F. A. (2024). Analysing the Potential Impact
of Climate Change on the Hydrological Regime of the Upper Benue
River Basin (North Cameroon). Journal of Water Resource and
Protection, 16(08), 569-583.
https://doi.org/10.4236/jwarp.2024.168032

Fotso-Nguemo, T. C., Chamani, R., Yepdo, Z. D., Sonkoué, D.,
Matsaguim, C. N., Vondou, D. A., & Tanessong, R. S. (2018).
Projected trends of extreme rainfall events from CMIP5 models over
Central Africa. Atmospheric Science Letters, 19(2), e803.
https://doi.org/10.1002/asl.803

Fotso-Nguemo, T. C., Chamani, R., Yepdo, Z. D., Sonkoué, D.,
Matsaguim, C. N., Vondou, D. A., & Tanessong, R. S. (2018).
Projected trends of extreme rainfall events from CMIP5 models over
Central Africa. Atmospheric Science Letters, 19(2), e803.
https://doi.org/c

Fotso-Nguemo, T. C., Vondou, D. A., Pokam, W. M., Djomou, Z. Y.,
Diallo, I., Haensler, A., Tchotchou, L. A. D., Kamsu-Tamo, P. H.,
Gaye, A. T., & Tchawoua, C. (2017). On the added value of the
regional climate model REMO in the assessment of climate change
signal over Central Africa. Climate Dynamics, 49(11-12), 3813-3838.
https://doi.org/10.1007/s00382-017-3547-7

Fowler, H. J., Kilsby, C. G., & Stunell, J. (2007). Modelling the
impacts of projected future climate change on water resources in north-
west England. Hydrology and Earth System Sciences, 11(3),
1115-1126. https://doi.org/10.5194/hess-11-1115-2007

www.eujournal.org 224



http://www.eujournal.org/

European Scientific Journal, ESJ ISSN: 1857-7881 (Print) ¢ - ISSN 1857-7431
October 2024 edition Vol.20, No.30

19. GIZ. (2015). Adaptation to Climate Change in the Lake Chad Basin
climate change study (p. 38).

20. Gocic, M., & Trajkovic, S. (2013). Analysis of changes in
meteorological variables using Mann-Kendall and Sen’s slope
estimator statistical tests in Serbia. Global and Planetary Change, 100,
172-182. https://doi.org/10.1016/j.gloplacha.2012.10.014

21. Gosling, S. N., & Arnell, N. W. (2016). A global assessment of the
impact of climate change on water scarcity. Climatic Change, 134(3),
371-385. https://doi.org/10.1007/s10584-013-0853-x

22. Gudmundsson, L., Bremnes, J. B., Haugen, J. E., & Engen-Skaugen,
T. (2012). Technical Note : Downscaling RCM precipitation to the
station scale using statistical transformations — a comparison of
methods. Hydrology and Earth System Sciences, 16(9), 3383-3390.
https://doi.org/10.5194/hess-16-3383-2012

23. Hagemann, S., Chen, C., Haerter, J. O., Heinke, J., Gerten, D., & Piani,
C. (2011). Impact of a Statistical Bias Correction on the Projected
Hydrological Changes Obtained from Three GCMs and Two
Hydrology Models. Journal of Hydrometeorology, 12(4), 556-578.
https://doi.org/10.1175/2011JHM1336.1

24. Hamed, K. H., & Rao, R. (1998). A modified Mann-Kendall trend test
for autocorrelated data. Journal of Hydrology, 204(1-4), 182-196.
https://doi.org/10.1016/S0022-1694(97)00125-X

25. Hamed, M. M., Nashwan, M. S., & Shahid, S. (2021). Performance
evaluation of reanalysis precipitation products in Egypt using fuzzy
entropy time series similarity analysis. International Journal of
Climatology, 41(11), 5431-5446. https://doi.org/10.1002/joc.7286

26. Hanchane, M., Kessabi, R., Krakauer, N. Y., Sadiki, A., El Kassioui,
J., & Aboubi, I. (2023). Performance Evaluation of TerraClimate
Monthly Rainfall Data after Bias Correction in the Fes-Meknes Region
(Morocco). Climate, 11(6), 120. https://doi.org/10.3390/cli11060120

27. Hartley, A., Jones, R., & Janes, T. (2015). Fiche d’information sur le
changement climatique et les services écosystemiques: Tchad
[Technical report.]. UNEP-WCMC.

28. Hawkins, E., Osborne, T. M., Ho, C. K., & Challinor, A. J. (2013).
Calibration and bias correction of climate projections for crop
modelling: An idealised case study over Europe. Agricultural and
Forest Meteorology, 170, 19-31.
https://doi.org/10.1016/j.agrformet.2012.04.007

29. Holthuijzen, M., Beckage, B., Clemins, P. J., Higdon, D., & Winter, J.
M. (2022). Robust bias-correction of precipitation extremes using a
novel hybrid empirical quantile-mapping method: Advantages of a

www.eujournal.org 225



http://www.eujournal.org/

European Scientific Journal, ESJ ISSN: 1857-7881 (Print) ¢ - ISSN 1857-7431
October 2024 edition Vol.20, No0.30

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

linear correction for extremes. Theoretical and Applied Climatology,
149(1-2), 863-882. https://doi.org/10.1007/s00704-022-04035-2
Ibrahim, B. (2012). Caractérisation des saisons de pluies au Burkina
Faso dans un contexte de changement climatique et évaluation des
impacts hydrologiques sur le bassin du Nakanbé. Université Pierre Et
Marie Curie.

IPCC. (2007). Climate Change 2007 : The Physical Science Basis (p.
19).
https://www.slvwd.com/sites/g/files/vyhlif1176/f/uploads/item_10b

4.pdf
IPCC. (2014). Changements climatiques 2014 : Rapport de synthese :
Contribution des Groupes de travail I, 1l et 11l au cinquieme Rapport

d’évaluation du Groupe d’experts intergouvernemental sur I’évolution
du climat.

Kaboré, B. P. E., Nikiema, M., Ibrahim, B., & Helmschrot, J. (2015).
Merging historical data records with MPI-ESM-LR, CanESM2, AFR
MPI and AFR 44 scenarios to assess long-term climate trends for the
Massili Basin in central Burkina Faso. International Journal of
Current Engineering and Technology, 5(3), 1846-1852.

Lafon, T., Dadson, S., Buys, G., & Prudhomme, C. (2013). Bias
correction of daily precipitation simulated by a regional climate model:
A comparison of methods. International Journal of Climatology,
33(6), 1367-1381. https://doi.org/10.1002/joc.3518

Lenderink, G., Buishand, A., & Van Deursen, W. (2007). Estimates of
future discharges of the river Rhine using two scenario methodologies:
Direct versus delta approach. Hydrology and Earth System Sciences,
11(3), 1145-1159. https://doi.org/10.5194/hess-11-1145-2007
Mahmood, R., Jia, S., & Zhu, W. (2019). Analysis of climate
variability, trends, and prediction in the most active parts of the Lake
Chad  basin, Africa.  Scientific  Reports, 9(1), 6317.
https://doi.org/10.1038/s41598-019-42811-9

Maraun, D. (2013). Bias Correction, Quantile Mapping, and
Downscaling: Revisiting the Inflation Issue. Journal of Climate, 26(6),
2137-2143. https://doi.org/10.1175/JCLI-D-12-00821.1

Mavromatis, T., & Stathis, D. (2011). Response of the water balance
in Greece to temperature and precipitation trends. Theoretical and
Applied Climatology, 104(1-2), 13-24.
https://doi.org/10.1007/s00704-010-0320-9

Mbienda, K. A. J., Guenang, G. M., Kaissassou, S., Tanessong, R. S.,
Choumbou, P. C., & Giorgi, F. (2022). Enhancement of RegCM4.7-
CLM precipitation and temperature by improved bias correction

www.eujournal.org 226



http://www.eujournal.org/

European Scientific Journal, ESJ ISSN: 1857-7881 (Print) ¢ - ISSN 1857-7431
October 2024 edition Vol.20, No.30

40.

41.

42.

43.

44,

45.

46.

47.

48.

methods over Central Africa. Meteorological Applications, 30,
4854-2995. https://doi.org/10.1002/met.2116

Meijgaard, Van E., van UlIft, B., van de Berg, W. J., Bosveld, F. C.,
Van den Hurk, B. J. J. M., Lenderink, G., & Siebesma, A. P. (2008).
The KNMI regional atmospheric climate model RACMO, version 2.
(Technical Report 302; p. 50). Institute for Marine and Atmospheric
Research, Utrecht University.
https://cdn.knmi.nl/knmi/pdf/bibliotheek/knmipubTR/TR302.pdf
Moriasi, D. N., J. G. Arnold, M. W. Van Liew, R. L. Bingner, R. D.
Harmel, & T. L. Veith. (2007). Model Evaluation Guidelines for
Systematic Quantification of Accuracy in Watershed Simulations.
Transactions of the ASABE, 50(3), 885-900.
https://doi.org/10.13031/2013.23153

Neha, K. (2012). Trend Detection in Annual Temperature &
Precipitation using the Mann Kendall Test — A Case Study to Assess
Climate Change on Select States in the Northeastern United States.
http://repository.upenn.edu/mes_capstones/47

Nguyen, H., Mehrotra, R., & Sharma, A. (2017). Can the variability in
precipitation simulations across GCMs be reduced through sensible
bias correction? Climate Dynamics, 49(9-10), 3257-3275.
https://doi.org/10.1007/s00382-016-3510-z

Nkiaka, E., Nawaz, R., & Lovett, J. C. (2018a). Assessing the
reliability and uncertainties of projected changes in precipitation and
temperature in Coupled Model Intercomparison Project phase 5
models over the Lake Chad basin. International Journal of
Climatology, 38(14),5136-5152. https://doi.org/10.1002/joc.5717
Nkiaka, E., Nawaz, R., & Lovett, J. C. (2018b). Assessing the
reliability and uncertainties of projected changes in precipitation and
temperature in Coupled Model Intercomparison Project phase 5
models over the Lake Chad basin. International Journal of
Climatology, 38(14), 5136-5152. https://doi.org/10.1002/joc.5717
N’Tcha M’Po, Y. (2018). Evaluation de l'impact des changements
climatiques et d’utilisation des terres sur les ressources en eau du
bassin de 'Oueme a Beterou a [’horizon 2050. Institut National
Polytechnique Felix Houphouét-Boigny.

N’Tcha M’Po, Y., Agnidé, E. L., Ganiyu, T. O., Benjamin, K. Y., &
Abel, A. A. (2016). Comparison of Daily Precipitation Bias Correction
Methods Based on Four Regional Climate Model Outputs in Ouémé
Basin, Benin. Hydrology, 4(6), 58.
https://doi.org/10.11648/j.hyd.20160406.11

Pastén-Zapata, E., Jones, J. M., Moggridge, H., & Widmann, M.
(2020). Evaluation of the performance of Euro-CORDEX Regional

www.eujournal.org 227



http://www.eujournal.org/

European Scientific Journal, ESJ ISSN: 1857-7881 (Print) ¢ - ISSN 1857-7431
October 2024 edition Vol.20, No0.30

Climate Models for assessing hydrological climate change impacts in
Great Britain: A comparison of different spatial resolutions and
quantile mapping bias correction methods. Journal of Hydrology, 584,
124653. https://doi.org/10.1016/j.jhydrol.2020.124653

49. Phuong, D. N. D., Duong, T. Q., Liem, N. D., Tram, V. N. Q., Cuong,
D. K., & Loi, N. K. (2020). Projections of Future Climate Change in
the Vu Gia Thu Bon River Basin, Vietnam by Using Statistical
DownScaling Model (SDSM). Water, 12(3), 755.
https://doi.org/10.3390/w12030755

50. Piani, C., Haerter, J. O., & Coppola, E. (2010a). Statistical bias
correction for daily precipitation in regional climate models over
Europe. Theoretical and Applied Climatology, 99(1-2), 187-192.
https://doi.org/10.1007/s00704-009-0134-9

51. Piani, C., Weedon, G. P., Best, M., Gomes, S. M., Viterbo, P.,
Hagemann, S., & Haerter, J. O. (2010b). Statistical bias correction of
global simulated daily precipitation and temperature for the application
of hydrological models. Journal of Hydrology, 395(3-4), 199-215.
https://doi.org/10.1016/j.jhydrol.2010.10.024

52. Ramirez-Villegas, J., Challinor, A. J., Thornton, P. K., & Jarvis, A.
(2013). Implications of regional improvement in global climate models
for agricultural impact research. Environmental Research Letters,
8(2), 024018. https://doi.org/10.1088/1748-9326/8/2/024018

53. Rowell, D. P. (2013). Simulating SST Teleconnections to Africa: What
is the State of the Art? Journal of Climate, 26(15), 5397-5418.
https://doi.org/10.1175/JCLI-D-12-00761.1

54. Rummukainen, M. (2016). Added value in regional climate modeling.
WIRES Climate Change, 7(2), 145-159.
https://doi.org/10.1002/wcc.378

55. Samuelsson, P., Jones, C. G., Willén, U., Ullerstig, A., Gollvik, S.,
Hansson, U., Jansson, C., Kjellstrom, E., Nikulin, G., & Wyser, K.
(2011). The Rossby Centre Regional Climate model RCA3: Model
description and performance. Tellus A: Dynamic Meteorology and
Oceanography, 63(1), 4. https://doi.org/10.1111/j.1600-
0870.2010.00478.x

56. Siam, M. S., Demory, M.-E., & Eltahir, E. A. B. (2013). Hydrological
Cycles over the Congo and Upper Blue Nile Basins: Evaluation of
General Circulation Model Simulations and Reanalysis Products.
Journal of Climate, 26(22), 8881-8894. https://doi.org/10.1175/JCLI-
D-12-00404.1

57. Sinha, T., & Cherkauer, K. A. (2008). Time Series Analysis of Soil
Freeze and Thaw Processes in Indiana. Journal of Hydrometeorology,
9(5), 936-950. https://doi.org/10.1175/2008JHM934.1

www.eujournal.org 228



http://www.eujournal.org/

European Scientific Journal, ESJ ISSN: 1857-7881 (Print) ¢ - ISSN 1857-7431
October 2024 edition Vol.20, No.30

58.

59.

60.

61.

62.

63.

64.

65.

66.

Song, C.-Y., Kim, S.-H., & Ahn, J.-B. (2021). Improvement in
Seasonal Prediction of Precipitation and Drought over the United
States Based on Regional Climate Model Using Empirical Quantile
Mapping. Atmosphere, 31(5), 637-656.
https://doi.org/10.14191/ATMO0S.2021.31.5.637

Souleymane, K., Barthelemy, B. S., Ismaila, O., Seydou, D., &
Bamory, K. (2019). Variabilités et Tendances des Parameétres
Hydroclimatiques dans le Bassin Versant de la Riviére Banco au Sud
de la Cote d’Ivoire. European Scientific Journal ESJ, 15(27).
https://doi.org/10.19044/esj.2019.v15n27p282

Taguela, T. N., Vondou, D. A., Moufouma-Okia, W., Fotso-Nguemo,
T. C., Pokam, W. M., Tanessong, R. S., Yepdo, Z. D., Haensler, A.,
Longandjo, G. N., Bell, J. P., Takong, R. R., & Djiotang Tchotchou,
L. A. (2020). CORDEX Multi-RCM Hindcast Over Central Africa:
Evaluation Within Observational Uncertainty. Journal of Geophysical
Research: Atmospheres, 125(5), €2019JD031607.
https://doi.org/10.1029/2019JD031607

Taylor, K. E., Stouffer, R. J., & Meehl, G. A. (2012). An Overview of
CMIP5 and the Experiment Design. Bulletin of the American
Meteorological Society, 93(4), 485-498.
https://doi.org/10.1175/BAMS-D-11-00094.1

Teutschbein, C., & Seibert, J. (2012). Bias correction of regional
climate model simulations for hydrological climate-change impact
studies: Review and evaluation of different methods. Journal of
Hydrology, 456457, 12-29.
https://doi.org/10.1016/j.jhydrol.2012.05.052

Themell, M. J., Gobiet, A., & Heinrich, G. (2012). Empirical-
statistical downscaling and error correction of regional climate models
and its impact on the climate change signal. Climatic Change, 112(2),
449-468. https://doi.org/10.1007/s10584-011-0224-4

Vicek, O., & Huth, R. (2009). Is daily precipitation Gamma-
distributed? Atmospheric Research, 93(4), 759-766.
https://doi.org/10.1016/j.atmosres.2009.03.005

WB. (2020). A Groundwater Model for the Lake Chad Basin
Integrating data and understanding of water resources at the basin
scale. (A Cooperation for International Waters in Africa (CIWA)
Technical Report) [Technical Report (English). Washington, D.C.:
World Bank Group.]. http://documents.worldbank.org/curated/en/
271881583228188294/A )

Wilcke, R. A. I., Mendlik, T., & Gobiet, A. (2013). Multi-variable
error correction of regional climate models. Climatic Change, 120(4),
871-887. https://doi.org/10.1007/s10584-013-0845-x

www.eujournal.org 229



http://www.eujournal.org/

European Scientific Journal, ESJ ISSN: 1857-7881 (Print) ¢ - ISSN 1857-7431
October 2024 edition Vol.20, No0.30

67. World Bank Group. (2022). Région du G5 Sahel : Rapport sur le
climat et le développement des pays du G5 Sahel (1818 H Street NW ;
p. 117). https://hdl.handle.net/10986/37620

68. Yazid, M., & Humphries, U. (2015). Regional Observed Trends in
Daily Rainfall Indices of Extremes over the Indochina Peninsula from
1960 to 2007. Climate,3(1),168-192.
https://doi.org/10.3390/cli3010168

www.eujournal.org 230



http://www.eujournal.org/

