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Abstract: Impact models used in water, ecology, and agriculture require accurate climatic
data to simulate observed impacts. Some of these models emphasize the distribution of
precipitation within a month or season rather than the overall amount. To meet this require-
ment, a study applied three bias correction techniques—scaled distribution mapping (SDM),
quantile distribution mapping (QDM), and QDM with a separate treatment for precipitation
below and above the 95th percentile threshold (QDM95)—to daily precipitation data from
eleven Coupled Model Intercomparison Project Phase 6 (CMIP6) models, using the Climate
Hazards Group Infrared Precipitation with Station version 2 (CHIRPS) as a reference. This
study evaluated the performance of all bias-corrected CMIP6 models over Southern Africa
from 1982 to 2014 in replicating the spatial and temporal patterns of precipitation across
the region against three observational datasets, CHIRPS, the Climatic Research Unit (CRU),
and the Global Precipitation Climatology Centre (GPCC), using standard statistical metrics.
The results indicate that all bias-corrected precipitation generally performs better than
native model precipitation in replicating the observed December–February (DJF) mean
and seasonal cycle. The probability density function (PDF) of the bias-corrected regional
precipitation indicates that bias correction enhances model performance, particularly for
precipitation in the range of 3–35 mm/day. However, both corrected and uncorrected
models underestimate higher extremes. The pattern correlations of the bias-corrected pre-
cipitation with CHIRPS, the GPCC, and the CRU, as compared to the correlations of native
precipitation with the three datasets, have improved from 0.76–0.89 to 0.97–0.99, 0.73–0.87
to 0.94–0.97, and 0.74–0.89 to 0.97–0.99, respectively. Additionally, the Taylor skill scores
of the models for replicating the CHIRPS, GPCC, and CRU precipitation spatial patterns
over Southern Africa have improved from 0.57–0.80 to 0.79–0.95, 0.55–0.76 to 0.80–0.91, and
0.54–0.75 to 0.81–0.91, respectively. Overall, among the three bias correction techniques,
QDM consistently demonstrated better performance than both QDM95 and SDM across
various metrics. The implementation of distribution-based bias correction resulted in a
significant reduction in bias and improved the spatial consistency between models and
observations over the region.

Keywords: bias correction; CHIRPS; CMIP6 models; CRU; GPCC; precipitation patterns;
Southern Africa

1. Introduction
Climate change significantly impacts agricultural production and food supplies. Agri-

culture is particularly vulnerable to the effects of climate change, making it one of the least
resilient economic sectors when dealing with shifting weather patterns [1]. Between 2006
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and 2015, millions of people in Africa were negatively impacted by floods, heatwaves,
droughts, and storms, resulting in billions of dollars in economic losses [2]. In Southern
Africa, precipitation is critical in shaping agricultural activities and influencing crop selec-
tion, planting, and harvesting decisions. Water scarcity significantly hinders agricultural
productivity within the region [3]. The Sixth Assessment Report from the Intergovern-
mental Panel on Climate Change [4] has found that climate change will cause changes in
the spatial patterns of precipitation events and lead to more extreme weather conditions.
Therefore, generating accurate, high-resolution climate data, particularly for precipitation,
is of utmost importance for hydrological and risk assessment studies.

High-resolution climate data are either available in the form of gridded data, climate
data, or reanalysis model data. These datasets suffer from either poor spatial resolution or
model bias or from both. For example, due to poor spatial resolution, most global climate
models (GCMs) only provide general projections for specific areas, such as watersheds,
bioregions, or agricultural zones. In addition, climate models suffer from systematic biases.
The lack of representation of small areas such as watersheds, bioregions, or agricultural
zones in the models and inherent model bias become particularly challenging when ap-
plying impact models such as hydrological, ecological, and agricultural models, which
require high-resolution and unbiased local data. To address these problems in climate
simulations, bias correction (BC) methods have been developed to provide more accurate
climate conditions for impact studies [5]. BC methods can be broadly categorized into
two types: the scale distribution method and the quantile mapping (QM) method [6–8].
Moreover, past studies have also noted that there are a variety of quantile distribution bias
correction techniques that may not necessarily have a similar capability of correcting the
bias of the GCMs’ outputs (e.g., [6]).

As a result, it is crucial to identify and correct any biases in the model outputs us-
ing one or more of the BC methods and baseline or reference datasets to create accurate
simulations of the observed climate. The effectiveness of bias adjustment methods de-
pends on the availability and reliability of observed time series or reanalysis data. There
are various approaches to choosing BC methods, each based on a different premise and
methodology. However, most comparative analyses suggest that distribution-based bias
correction methods are the most effective in mitigating precipitation biases [6,9,10]. For in-
stance, Gumindoga et al. [11] compared five bias correction methods regarding satellite
precipitation estimates and concluded that quantile mapping yielded the most accurate
precipitation that captures the empirical distribution. Tabari et al. [10] compared four bias
correction methods and found that the quantile mapping methodology produced superior
results. Similarly, Chen et al. [12] compared various bias correction techniques and found
that quantile mapping based in a gamma distribution yields the most accurate precipitation
in terms of replicating observed distribution. Moreover, studies conducted in different
parts of Africa, such as those by Ayugi et al. [13], Hamadalnel et al. [14], and Sian et al. [15],
which employed similar quantile mapping on gamma distribution methods, reported
improvements in model data. While quantile mapping (QM) has been widely used for
bias-correcting historical precipitation data, it faces limitations due to its reliance on the
stationarity assumption and potential biases in evaluation methods. Switanek et al. [16]
challenge the effectiveness of QM for historical data and propose scaled distribution map-
ping (SDM) as a more robust alternative. In particular, with regard to projection, SDM
adjusts the observed historical distribution based on raw model-projected changes to avoid
the stationarity assumption. While there are differences between bias correction methods,
there is a general consensus that bias correction effectively reduces significant biases in the
model data and is deemed necessary before conducting any projection studies [17–19].
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With this general consensus, a number of studies have been conducted in different
parts of the world to improve climate data [6,20]. However, there are only a handful of
studies across Africa [11,13,15,21]. Recently, researchers conducted studies in Southern
Africa using ensembles of bias-corrected and -uncorrected CMIP6 model data. For instance,
Sian et al. [15] compared both bias-corrected and non-bias-corrected mean precipitation
in CMIP6 models against GPCC data for Southern Africa. However, their analysis was
focused on future projections. Additionally, Sian et al. [17] analyzed CMIP6 precipitation
data to examine the mean precipitation in the Southern Africa region. Nonetheless, their
analysis primarily relied on non-bias-corrected CMIP6 model data. Similarly, various stud-
ies focusing on different parts of Africa employed CMIP6 to analyze the mean precipitation
at various temporal scales as seen in the works of Mmame and Ngongondo [19], Babaous-
mail et al. [22], Faye and Akinsanola [23], Ngoma et al. [24], Makula and Zhou [25],
and Jima et al. [26]. However, these investigations relied on non-bias-corrected model data.
While acknowledging that the models generally performed reasonably well in simulating
the mean precipitation, these studies also identified instances of overestimation, particu-
larly in high-elevation regions and large open water bodies [17,18,26,27]. Their findings
emphasize the need to improve model data by correcting biases in climate models.

To this end, previous studies have looked into the reliability and robustness of bias-
corrected climate models such as those from CMIP5, CMIP6, and RCM (e.g., CORDEX),
for precipitation in areas with complex terrain. However, there has not been sufficient
characterization of bias-corrected models across Southern Africa. In this study, we use
three bias correction techniques—namely, SDM and two variants of QM—to assess how
effectively 11 CMIP6 models capture observed precipitation over Southern Africa during
the peak of the rainy season from December to February (DJF). DJF displays a notable bias
compared to the rest of the seasons, especially in the low-precipitation months of November
and March [28]. Hence, it is essential to assess how bias correction techniques enhance
the spatial representation of climate change in CMIP6 GCMs across different time scales
and to determine the most effective bias correction techniques for CMIP6 GCMs, based on
their ability to accurately capture the spatial and temporal patterns of daily precipitation.
Access to a greater number of bias-corrected climate models and their effectiveness in
simulating precipitation across the region during this season is vital for users of climate
impact models. Additionally, the current set of models selected for this study was not
previously evaluated to determine whether there is an improvement in performance after
applying bias correction techniques.

The remainder of this paper is organized as follows: In Section 2, we summarize the
datasets and methodologies employed. The results of the analysis and discussion on the
performance of both bias-corrected and -uncorrected historical simulation relative to the
three sets of observations are provided in Section 3. Section 4 presents the conclusions and
summary of the most noteworthy findings.

2. Study Area, Data, and Methods
2.1. The Study Area

The study area is Southern Africa, which lies between 9◦–35◦ S and 11◦–52◦ E (as
depicted in Figure 1). This region covers a wide drainage basin characterized by extensive
coastlines that stretch from the Atlantic Ocean in the west to the Indian Ocean in the east,
converging at Cape Agulhas in the south. This geographical domain includes eleven coun-
tries, namely, Angola, Namibia, Zambia, Malawi, Zimbabwe, Botswana, the Republic of
South Africa (South Africa), Lesotho, Swaziland (Eswatini), Mozambique, and Madagascar.
The region features a complex and varied topography, including multiple mountain ranges
and inland water bodies, with a land elevation gradient that increases from east to west.
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High-elevation areas limit direct wind flow over the continent [29]. Southern Africa’s
climate, classified according to the Koppen–Geiger system as tropical, temperate, and arid,
exhibits strong seasonal variations [30,31]. The extended latitudinal range of Southern
Africa results in a latitudinal gradient in precipitation, with the northern regions exhibiting
a more tropical climate and greater precipitation than the southern regions [32]. Further
contributing to this, the tropical rain belt (TRB) accounts for most of the precipitation in the
northern parts of Southern Africa. During the austral summer (DJF), the TRB shifts into
the Southern Hemisphere, often bringing substantial precipitation and resulting in wetter
conditions [33–35].

Figure 1. The study region is located in Africa as shown in red box. The zoomed inset displays the
elevation (in meters) and the borders of the countries within the study area. The surface elevation
data are from ETOPO2 [36].

2.2. Data
2.2.1. Observational Data

Three different datasets were chosen to evaluate the potential improvement after the
bias correction relative to bias-uncorrected simulated precipitation. The diversity of the data
is intended to account for variations in the observational datasets over Southern Africa [37].
The Climate Hazards Group Infrared Precipitation with Station version 2 (CHIRPS) covers
the period from 1981 to the present day and provides a spatial resolution of 0.25◦ (roughly
25 km), as explained by Funk et al. [38]. CHIRPS daily precipitation over the study area is
used as a reference dataset in the bias correction of daily precipitation simulated by selected
CMIP6 models during 1982–2014. The Global Precipitation Climatology Centre (GPCC)
V2020 with a resolution of 1◦ × 1◦ and daily temporal resolution from January 1982 to
December 2020 [39] is used to evaluate the improvement in bias-corrected precipitation
relative to uncorrected precipitation.

The Climatic Research Unit (CRU) Time-Series (TS) data version 4.05, gridded at a high
resolution of 0.5◦ × 0.5◦ degrees and monthly temporal resolution, is used as a seasonal
precipitation dataset to assess the added value of bias correction. The University of East
Anglia generated these datasets [40]. The use of three datasets to evaluate the bias-corrected
model precipitation at the monthly time scale is motivated by the need to assess the level
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of disagreement with other observed datasets. This discrepancy arises from the differences
in the observed dataset and the reference dataset used in bias correction. Samuel et al. [41]
have demonstrated that the probability density function (PDF) of precipitation from bias-
uncorrected low- and high-resolution models shows varying levels of agreement with the
PDF of CHIRPS, tropical applications of meteorology using satellite data and ground-based
observations (TAMSAT), and multi-source weighted precipitation (MSWEP) in different
river basins in Southern Africa.

2.2.2. Cmip6 Climate Models

We employed simulations of historical daily precipitation data from the CMIP6 climate
models in the bias correction. Comprehensive details about these models, including their
basic information, can be found in Table 1. Eleven daily CMIP6 models with the variant label
r1i1p1f1 were obtained from the Earth System Grid Federation (ESGF) data distribution
portal. These datasets can be accessed at https://esgf-node.llnl.gov/search/cmip6, last
accessed on 1 April 2025. Our selection criteria were based on the availability of data for
both historical and future periods (i.e., for a follow-up study on the SSP1-2.6, SSP2-4.5,
SSP3-7.0, and SSP5-8.5 scenarios within the CMIP6 framework) at the time of our study.

Table 1. List of CMIP6 global climate models used in this study.

Model Name Institution Main Reference Variant Label Resolution (lon × lat) Acronym

CESM2-WACCM National Center for Danabasoglu [42] r1i1p1f1 1.25 × 0.94 CESM2
Atmospheric Research

CMCC-CM2-SR5 Euro-Mediterranean Center Cherchi et al. [43] r1i1p1f1 1.25 × 0.94 CM2-SR5
for Climate Change (Italy)

CMCC-ESM2 Euro-Mediterranean Center Fogli et al. [44] r1i1p1f1 1.3 × 0.94 CMCC-ESM2
for Climate Change (Italy)

EC-Earth3 EC-Earth Consortium Döscher et al. [45] r1i1p1f1 0.7 × 0.7 Earth3
(Europe)

EC-Earth3 EC-Earth Consortium Döscher et al. [45] r1i1p1f1 0.7 × 0.7 Earth3-Veg
-Veg (Europe)

INM-CM4 Institute for Numerical Volodin et al. [46] r1i1p1f1 2 × 1.5 INM-CM4
-8 Mathematics (Rus.)

INM-CM5 Institute for Numerical Volodin and Gritsun [47] r1i1p1f1 2 × 1.5 INM-CM5
-0 Mathematics (Rus.)

MPI-ESM1 Max Planck Institute Yukimoto et al. [48] r1i1p1f1 0.94 × 0.94 MPI-ESM1
-2-HR for Meteo. (Germany)

MRI-ESM2 Meteorological Research Yukimoto et al. [49] r1i1p1f1 1.13 × 1.13 MRI-ESM2
-0 Institute (Japan)

NorESM2-MM Norwegian Climate Seland et al. [50] r1i1p1f1 1.25 × 0.94 NorESM2
Centre, Norway

TaiESM1 Research Center for Environ- Lee et al. [51] r1i1p1f1 1.25 × 0.94 TaiESM1
mental Changes (Taiwan)

2.3. Methods
2.3.1. Bias Correction

Various bias correction methods exist, each based on a distinct set of assumptions
and methodologies [6,9,10]. This study assessed three techniques for correcting bias in
historical daily precipitation data for Southern Africa, using eleven GCMs from the Coupled
Model Intercomparison Project Phase 6 (CMIP6). The techniques included two versions
of quantile mapping. The first version, quantile mapping (quantile distribution mapping

https://esgf-node.llnl.gov/search/cmip6
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(QDM)), involved constructing a cumulative density function (CDF) based on 33 years
of data (1982–2014) using a 30-day moving window centered on a given day for which
precipitation bias correction is required. The second variant, referred to as QDM95 hereafter,
is a modified version of standard QM, which uses two CDFs for precipitation values less
than or equal to the 95th percentile and greater than the 95th percentile. This modification
was made to reduce the impact of large data points around the mean precipitation in
quantile matching on the lower and upper extremes of the precipitation distribution.
The third bias correction technique used in this study is the scaled distribution mapping
(SDM). Detailed descriptions of the QDM (QDM95) and SDM techniques are provided in
the following section.

Quantile Distribution Mapping

QM adjusts the cumulative distribution function (CDF) of the model-simulated vari-
able to match the observed CDF. Essentially, for each quantile of the simulated data, QM
ensures that it maps to the corresponding quantile in the observed data. QM corrects
the full distribution, including biases in the mean, variance, and higher-order moments.
Therefore, it uses statistical transformations to post-process climate modeling outputs,
which involves transforming distribution functions of modeled variables into observed
ones using a mathematical function [52]. We can use the following transformation function
f to relate observed precipitation (xo) with modeled precipitation (xm):

xo = f (xm), (1)

Using the CDFs of both observed and simulated variable time series, their quantile relation
can also be determined from [53]:

xbc = F−1
o [Fm(xm)], (2)

where xbc is bias-corrected model precipitation, Fm is the CDF of the modeled precipitation,
and F−1

o is the inverse CDF of observation. Two types of transformations are used to
model the relationship between variables: parametric and non-parametric. Parametric
transformations use a direct approach to model the quantile–quantile relationship using
Equation (1). Non-parametric transformations, on the other hand, use empirical CDFs to
solve Equation (2). In this context, we use the distribution-derived transformation, which
involves a theoretical distribution to solve Equation (2). In this study, the theoretical CDF
is computed using theoretical gamma distributions, often used to model precipitation.
The gamma distribution’s probability density function is given by

f (x) = xk−1 e
−x
θ

Γ(k)θk (3)

where k and θ are positive numbers. After integrating Equation (3), we obtain the CDF of
the gamma distribution, F, given by

F =
γ(k, x

θ )

Γ(k)
(4)

where the lower incomplete gamma function γ in Equation (4) is computed from

γ(k,
x
θ
) =

∫ x
θ

o
tk−1e−tdt (5)
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It is essential to note that f(x) could also be any other suitable distribution for modeling
the observed distribution of interest. For this reason, the appropriateness of the selected
distribution should be evaluated whether it fits the observed reference distribution used in
this study. We state the null hypothesis that cumulative CHIRPS precipitation distribution
is the same as the one obtained from gamma distribution as per the test statistics given in
Section 2.3.2.

QDM and QDM95 are both implemented based on the steps indicated in Equations (1)–(4).
However, there are differences between the two techniques: 1. QDM uses a 30-day moving
window centered on the date of interest to calculate the 33-year daily precipitation cumula-
tive distribution function (CDF) from observations and simulations, while QDM95 uses
the whole daily time series with no moving window. 2. In QDM95, model precipitation
that is less than or equal to the 95th percentile and that above this percentile are separately
adjusted to match observations during bias correction. This distinction is not present in the
case of QDM.

Scaled Distribution Mapping (SDM)

Scaled distribution mapping (SDM) is a bias correction technique commonly utilized
in climate modeling and downscaling applications. It is specifically developed to rectify
biases in simulated climate variables, such as temperature and precipitation, in comparison
to observed data. The primary goal of SDM is to adjust the distribution of the modeled
values to align more closely with the observed data, focusing on scaling the modeled
values to better match the range of and variability in the observed data. This is achieved
by adjusting the model output using a scaling factor that brings the modeled distribution
closer to the observed one. SDM accounts for differences in the mean and variability
(such as standard deviation) between the simulated and observed data by preserving the
relative differences between the model outputs while aligning the overall distribution with
observed data.

In SDM, the bias correction involves scaling the model-simulated precipitation to
match the observed precipitation distribution. The basic equation used in SDM can be
written as follows:

xbc = µo +
σo

σm
(xm − µm) (6)

where µo, µm, σo, and σm represent the observed and simulated mean and standard devia-
tion of precipitation.

2.3.2. Performance Evaluation Statistical Metrics

To facilitate a direct comparison of the models with the observational monthly datasets,
the daily precipitation simulations are aggregated into monthly precipitation simulations.
The analysis focuses on the period from 1982 to 2014, aligning with the availability of GPCC
daily data. Moreover, this study focuses on the rainy season from December to February
(DJF) as this season covers most of the Southern Africa region [54–56]. The GPCC, CHIRPS,
and CRU datasets are used to evaluate the added values of bias correction. The horizontal
resolution of the CRU dataset and CMIP6 GCMs vary. To facilitate a direct comparison
of the models with the observational datasets, the daily precipitation simulations of all
the selected bias-corrected and -uncorrected CMIP6 GCMs were remapped to a common
grid with a resolution of CHIRPS data using bilinear interpolation. Also, the CRU was
remapped to a common grid with CHIRPS data using bilinear interpolation [57].

In this study, the evaluation was performed by processing and comparing the models’
outputs with the observation datasets using some of the statistical measures recommended by
the World Meteorological Organization (WMO) as reported in Gordon and Shaykewich [58].
These statistical indicators include standard deviation (Stdv), mean ratio, mean bias (MB),
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Root Mean Square Error (RMSE), pattern correlation coefficient (R), and comprehensive
rating metric (RM).

The mean ratio is given as

Ratio =
σm

σo
(7)

where σo and σm are the standard deviation of the observed and modeled datasets, respec-
tively. The mean ratio is dimensionless, and a mean ratio of 1 denotes an equivalency
between model-predicted and observed precipitation, implying no substantial difference.
A mean ratio exceeding 1 signifies that simulated precipitation exceeds the observed pre-
cipitation, indicating increased predicted precipitation. Conversely, a mean ratio less than
1 suggests that the simulated precipitation falls short of the observed data, implying a
decrease in predicted precipitation [59]. Mean bias (MB) is another assessment metric
that describes the mean difference between the simulated and observed precipitation,
as given by

MB =
1
n
(

n

∑
i=1

ym − yo) (8)

MB indicates whether the models have overestimated/underestimated the observed values.
A small bias indicates that the model has good skills in capturing mean precipitation [60].
The Root Mean Square Error (RMSE) is a good measure of how accurately the model
simulates observations. It is given by

RMSE =

√
∑n

i=1 (ym − yo)2

n
(9)

A small value indicates better model performance and vice versa [61].
The pattern correlation coefficient (R) is given by

R =
∑n

i=1 (ymi − ȳm)(yoi − ȳo)√
∑n

i=1 (ymi − ȳm)2 ∑n
i=1 (yoi − ȳo)2

(10)

where ym is the model value, yo is observation, and n is the number of total grids over
Southern Africa. It measures the strength of the linear association among two variables.
In addition, the pattern correlation coefficient between ±0.4 and 0.6 is considered a moder-
ate positive/negative relationship, and 0 to ± 0.2 is a very weak positive /negative or no
relationship between the two variables.

Furthermore, we employ the Taylor skill score (TSS) defined by

TSS =
4(1 + R)4

( σm
σo

+ σo
σm

)2(1 + R0)4 (11)

where R is the pattern correlation coefficient between observation and model data, σm and
σo are the model and observation standard deviations, respectively, and R0 is the highest
achievable correlation coefficient (we use a threshold of 1) [62,63]. The TSS measures
the performance of CMIP6 models in replicating observed precipitation patterns across
Southern Africa from the three reference datasets. The TSS is a statistical summary of
the R, RMSE, and Stdv, thus providing a single-valued metric. The robustness of the TSS
has been reported in several studies (e.g., [22,26,64,65]). A TSS value of 1.0 indicates the
best-performing model, while a TSS value close to 0 indicates poor performance. This
study also uses the probability distribution functions (PDFs) to evaluate how well the
daily precipitation from CMIP6 models matches the observed precipitation distribution
with and without bias correction. This statistical method helps determine whether the
precipitation patterns simulated by the models align with those observed in the reference



Climate 2025, 13, 95 9 of 38

data. The PDFs provide valuable insight into the degree of agreement or discrepancy
between model outputs and actual observations, aiding in the comprehensive evaluation
of model performance.

The comprehensive rating metric (RM) was calculated for each CMIP6 model to assess
its overall performance in simulating the mean monthly DJF precipitation across the study
area [66,67]. The overall ranks of the CMIP6 GCMs were calculated using the following
equation:

MR = 1 − 1
n.l

n

∑
i=1

(RankiKGE + RankiTSS) (12)

where l denotes the number of models, n denotes the number of metrics, and i refers to the
rank of a GCM based on the ith Kling–Gupta efficiency (KGE) and TSS (Equation (11)).
A value of the RM close to 1 refers to a better CMIP6 GCM model in terms of its ability to
mimic the spatial characteristics of observations.

The Kling–Gupta efficiency is given by the following:

KGE = 1 −
√
(R − 1)2 + (β − 1)2 + (γ − 1)2 (13)

where
β =

µm

µo
(14)

and

γ =
( σm

µm
)

( σo
µo
)

(15)

and R is obtained from Equation (10), µm and µo refer to the mean of the model-simulated
and observed data, respectively, and σm and σo refer to the standard deviation of the
model-simulated and observed data, respectively [66].

In addition, the Kolmogorov–Smirnov (K-S) test was employed to assess the good-
ness of fit of the reference, native model, and bias-corrected daily precipitation to the
gamma distribution [68]. This test calculates the maximum difference between the em-
pirical cumulative distribution functions (ECDFs) of the observed and the fitted gamma
cumulative distribution functions (CDFs) of the simulated daily precipitation, as defined
by the following:

Dl,q = max|obsl(x)− modelq(x)|. (16)

where Dl,q is the maximum absolute difference between the CDFs of the observed (obsl(x)
and the fitted gamma distribution of the model (modelq(x) data. The null hypothesis was
evaluated at a 5% confidence level.

3. Results and Discussion
3.1. The Kolmogorov–Smirnov (K–S) Goodness-of-Fit Test

The suitability of gamma distribution for quantile mapping bias correction using
CHIRPS precipitation as a reference is assessed using Kolmogorov–Smirnov (K-S) test
statistics. The K-S test reveals that precipitation at all grids within the study area fits very
well to a gamma distribution with average K-S test statistics of 0.1466 and a null hypothesis
(H = 0). We then extended the analysis to the native and bias-corrected precipitation. The
Kolmogorov–Smirnov (K-S) test results, presented in Table 2, reveal that the majority of
grids with precipitation from the raw CMIP6 model consistently fail to fit the gamma
distribution as reflected in the high number of alternative hypotheses (H = 1), accounting
for 57% to 71% of the total grid within the study domain. However, after applying bias
correction techniques, QDM, QDM95, and SDM, the rejection rate substantially reduced,
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implying the bias correction has adjusted the departure from the gamma distribution.
Notably, QDM consistently outperforms the others, frequently achieving acceptance rates
exceeding 70% and demonstrating its effectiveness in refining simulated precipitation.
QDM95 also generally improves model performance, with acceptance rates above 50%
(except for CM2-SR5), while SDM shows robust performance with acceptance rates between
63% and 81%. The consistently higher acceptance rates of the null hypothesis is achieved by
QDM across models, often exceeding 70% of the total grids and yielding lower K-S values
indicative of a closer match to observed precipitation distributions. This underscores its
reliability as the superior bias correction method for improving precipitation simulations
in Southern Africa. This aligns with the findings of Sian et al. [15].

Table 2. The Kolmogorov–Smirnov (K–S) test statistics for precipitation from eleven native and
bias-corrected CMIP6 GCMs and their ensemble mean (MME) over Southern Africa. Columns h = 0
and h = 1 represent the percentage of precipitation grids that follow null and alternative hypotheses.

Model Name Raw-GCM QDM95 QDM SDM
h = 0 h = 1 K-S h = 0 h = 1 K-S h = 0 h = 1 K-S h = 0 h = 1 K-S
(%) (%) (%) (%) (%) (%) (%) (%)

CESM2 34 66 0.2692 63 37 0.2584 89 11 0.2457 66 34 0.2489
CM2-SR5 32 68 0.2725 48 52 0.2550 85 15 0.2408 63 37 0.2478
CMCC-ESM2 31 69 0.2711 50 50 0.2549 85 15 0.2381 63 37 0.2580
Earth3 40 60 0.2555 62 38 0.2472 76 24 0.2398 77 23 0.2494
Earth3-Veg 40 60 0.2539 62 38 0.2476 79 21 0.2402 76 24 0.2492
INM-CM4 43 57 0.2643 57 43 0.2543 91 9 0.2345 74 26 0.2422
INM-CM5 43 57 0.2660 62 38 0.2516 93 7 0.2319 77 23 0.2368
MPI-ESM1 29 71 0.2930 55 45 0.2509 73 27 0.2431 71 29 0.2437
MRI-ESM2 34 66 0.2828 56 44 0.2593 71 29 0.2509 73 27 0.2483
NorESM2 34 66 0.2696 51 49 0.2522 73 27 0.2456 81 19 0.2460
TaiESM1 36 64 0.2679 57 43 0.2537 88 12 0.2410 74 26 0.2462
MME 33 67 0.3059 71 29 0.2657 70 30 0.2724 65 35 0.2872

3.2. Seasonal Precipitation Climatology

Figure 2 illustrates the mean climatology of DJF-accumulated precipitation, the total
sum of daily precipitation within the DJF season, over Southern Africa as captured by the
CHIRPS, GPCC, and CRU precipitation datasets. Figure 2a–c show that northern Southern
Africa (northward of −15.5◦ S), northern and central Mozambique, and the eastern half
of Madagascar receive the highest precipitation. In contrast, the central and southwestern
regions of Southern Africa receive scant precipitation during the DJF season. Although
the GPCC (Figure 2b) exhibits a similar spatial pattern in mean precipitation, its magni-
tude is generally lower than that of CHIRPS and the CRU. Since the bias correction is
relative to CHIRPS, this difference in magnitude might also be reflected in the compari-
son of bias-corrected model precipitation with the GPCC and CRU. All the observation
datasets demonstrate that Madagascar has a distinct west-to-east precipitation distribution,
with precipitation levels on the eastern side being multiple times higher than those on the
western side. This pattern has been reported in previous studies [17,69,70]. This noticeable
east–west gradient in precipitation is primarily due to the orographic effect [29] of higher
elevation along the central part of the island (Figure 1).

When comparing the multi-model ensemble (MME) means with observations, we
found significant differences between the raw GCM output (Figure 2d) and the bias-
corrected CMIP6 GCM result (Figure 2e–g) in terms of precipitation magnitude and spatial
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distribution. Specifically, the raw GCM simulations (Figure 2d) differed significantly from
the three observed datasets (Figure 2a–c) in both the magnitude and spatial distribution of
the precipitation. The areas in the northern and eastern parts of Southern Africa receiving
more than 200 mm/month of DJF precipitation showed the largest differences between
the observations and raw GCM simulations. The bias correction techniques (QDM95,
QDM, and SDM) have successfully adjusted the raw GCM results to resemble the obser-
vations by fixing systematic biases (Figure 2e–g). These techniques have enhanced the
accuracy of CMIP6 models by more accurately representing observed precipitation patterns
(Figure 2a–c). For instance, regions such as the Lesotho–Eswatini area, coastal Angola,
and central Southern Africa, including Madagascar, display noticeable improvements after
the application of bias correction techniques (Figure 2e–g).

Figure 2. The climatological (1982–2014) spatial distribution of the mean precipitation is shown for
(a–c) observations (CHIRPS, GPCC, and CRU) and then the merged ensemble means from raw-GCM
(d), QDM95 (e), QDM (f), and SDM (g). The biases of the MME relative to CHIRPS (h–k), the GPCC
(l–o), and the CRU (p–s) are also presented.

A comparison of the average seasonal precipitation differences among the three obser-
vational datasets and the average results from raw GCM, as well as the three bias-corrected
techniques from the CMIP6 simulations, is presented in Figure 2h–s. There are significant
overestimations in high-altitude areas such as the Lesotho–Eswatini region, western and
central Madagascar, coastal Angola, and central Southern Africa, while there are notable
underestimations along the east coast of Madagascar (Figure 2h,l,p). These significant
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discrepancies highlight the challenges models face in accurately simulating precipitation in
complex terrain [31,71]. The extensive areas of under- and overestimation are considerably
reduced from 200 mm to ≤50 mm after bias correction compared to CHIRPS, the GPCC,
and the CRU (Figure 2i–k, 2m–o, and 2q–s, respectively). For example, Figure 2i–k for
MME-CHIRPS indicate a generally lower dry bias across northern Angola and Zambia, cen-
tral Mozambique, and the east coast of Madagascar when compared to Figure 2m–o,q–s.
The MME-GPCC (Figure 2m–o) and MME-CRU (Figure 2q–s) show similar precipitation
patterns, with the MME-GPCC exhibiting slightly less dry bias than the MME-CRU but more
than MME-CHIRPS (Figure 2i–k). The differences in the bias of the MME of bias-corrected
DJF precipitation, relative to the three observation datasets, demonstrate inherent variations
among the observations. This is evident in the lower bias relative to CHIRPS compared to the
GPCC and CRU. Overall, the ensemble means of precipitation from the three bias-corrected
techniques showed consistent improvement in most study areas, except for a few regions.

Figure 3 shows the climatological spatial distribution of the mean monthly precipita-
tion during DJF from all eleven CMIP6 models for raw GCM (first column) and the three
bias correction techniques (last three columns). The coupled GCM models have captured
the observed spatial patterns of precipitation except for wet bias over most parts of the
region (Figure 3a,e,i,m,q,u,y,cc,gg,kk,oo). For example, the drier western region of Southern
Africa receives less precipitation than the eastern half of Southern Africa and Madagascar.
These results agree with the findings of Sian et al. [17], Engelbrecht et al. [31], who found
that GCMs generally capture annual precipitation variation apart from the tendency to over-
estimate, especially in high-elevation areas. However, neither the magnitude nor the spatial
distribution of the wet bias among the model is the same. For example, the wet bias over
northern Mozambique and Madagascar from INM-CM4 and INM-CM5 (Figures 3u,y) is the
highest, reaching as high as twice the climatological mean of DJF. Moreover, the two models
do not capture the apparent east–west precipitation gradient over Madagascar in the obser-
vation. Specifically, the bias-uncorrected CMIP6 models (Figure 3a,e,i,m,q,u,y,cc,gg,kk,oo)
simulated significantly overestimated precipitation over the northern half of Southern
Africa, coastal Angola, Lesotho, Eswatini, Mozambique, and Madagascar relative to the
three observation datasets in Figure 2a–c. Similar overestimations have been reported
in earlier studies, where GCMs tend to misrepresent orographic and convective rainfall,
particularly in regions with complex topography and strong mesoscale dynamics [71].
The three bias correction techniques (QDM95, QDM, and SDM) were able to replicate the
precipitation from the CMIP6 GCM models (Figure 3, columns 2–4) quite accurately across
most of Southern Africa, except Madagascar. In Madagascar, the bias correction did not
produce satisfactory results. This could be attributed to limitations in correcting biases
where model error stems from structural rather than statistical sources [72]. All three bias
correction techniques (QDM95, QDM, and SDM) effectively reduced the mean precipitation
values in the CMIP6 GCM models, making them comparable with the observed values,
unlike the original raw models. Specifically, QDM95 and QDM reduced the wet bias over
Madagascar and the coastal regions. Additionally, QDM reduced the wet bias in precipita-
tion in northern Southern Africa. SDM led to the most uniform precipitation distribution
across the region. Sian et al. [15] also used the quantile mapping using gamma distribution
to correct bias in the daily precipitation estimates from different sets of CMIP6 models over
Southern Africa. Their findings indicated an improvement in the bias-corrected precipita-
tion across Southern Africa consistent, for the large part, with our findings. Precipitation
processes are often subject to shifting statistical properties over time, driven by changes
in circulation patterns, land–atmosphere interactions, and anthropogenic forcings [73].
Such nonstationarity poses challenges for bias correction methods that assume a stable
statistical relationship between model simulations and observations across historical and
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future periods. In this regard, the quantile delta mapping approaches, which allow for
change-preserving adjustments, are generally preferred for climate impact studies [74] or
more complex approaches involving nonstationary QM (NS-QM) and its simplified version,
consistent nonstationarity patterns (CNS-QM) [75].

Figure 3. The spatial distribution of the DJF seasonal climatology of precipitation (mm/month) over
Southern Africa is depicted using eleven CMIP6 GCM models, where the 1st column represents
raw-GCM and the 2nd, 3rd, and 4th columns represent QDM95, QDM, and SDM bias-corrected
technique precipitation for the period 1982–2014: (a–d) CESM2, (e–h) CM2-SR5, (i–l) CMCC-ESM2,
(m–p) Earth3, (q–t) Earth3-Veg, (u–x) INM-CM4, (y–bb) INM-CM5, (cc–ff) MPI-ESM1, (gg–jj) MRI-
ESM2, (kk–nn) NorESM2, and (oo–rr) TaiESM1.
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3.3. Mean Seasonal Cycle Precipitation

Figure 4 represents the annual cycle of precipitation over Southern Africa, based on
data from CHIRPS, the GPCC, and the CRU, as well as raw GCM (bias uncorrected) and
the three bias-corrected CMIP6 GCMs. All the CMIP6 models can replicate the observed
precipitation annual cycle over the study area, regardless of bias correction. All the raw
models and bias correction techniques indicate that the peak precipitation occurs in January
across the study region, which is consistent with the observations. This finding is consistent
with the conclusions reported by Dosio et al. [76] for western and eastern Southern Africa,
by Karypidou et al. [77] for Southern Africa, and by Samuel et al. [28] for the four major
river basins in Southern Africa. However, the magnitude of the peak precipitation varies
between 129 and 194 mm/month. CHIRPS and the GPCC exhibit the highest precipitation
amount, reaching 137 and 147 mm/month, respectively, in January, while the CRU exhibits
the lowest precipitation amount (129 mm/month) in January. The precipitation dataset
from raw GCM and the three bias correction techniques capture the uni-modal distribution
of precipitation over Southern Africa. However, there are significant discrepancies in the
magnitude of precipitation and spread.

Figure 4. Annual cycle of mean monthly precipitation in Southern Africa for the period 1982–2014
based on the GPCC, CHIRPS, CRU, and eleven CMIP6 raw GCM (bias-uncorrected) and three
different bias correction techniques. Panel (a) presents the uncorrected raw General Circulation Model
(GCM) output. Panel (b) displays results using quantile distribution mapping at the 95th percentile
(QDM95). Panel (c) shows quantile distribution mapping (QDM). Finally, panel (d) illustrates the
scaled distribution mapping (SDM).

All the CMIP6 models can capture the dry period, which starts in May and extends
through to approximately the end of October (MJJASO), as reported by Libanda and
Nkolola [78] for Malawi and Weber et al. [55], for southwestern Southern Africa and
Botswana. The rainy season starts in November and extends through to approximately the
end of March (NDJFM). All the bias-corrected CMIP6 precipitation data align more closely
with the observations than the bias-uncorrected CMIP6 precipitation, especially during
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the DJF season. This indicates that applying bias correction techniques to CMIP6 model
simulations enhances the agreement between the model simulations and precipitation
datasets from CHIRPS, the GPCC, and the CRU. However, it is essential to note that
CHIRPS is dry-biased against the GPCC and wet-biased against the CRU during DJF
(Figure 4). Bias correction using CHIRPS as a reference may, therefore, contribute to the
overall bias of models relative to the CRU and GPCC. It is also evident from (Figure 4)
that SDM produced a more compact seasonal cycle than QDM and QDM95 for all the
models, implying better performance in replicating the observed seasonal cycle than the
QM approach.

3.4. Performance of Bias-Corrected and Corrected CMIP6 GCM Models in Simulating Observed
CHIRPS, GPCC, and CRU Precipitation
3.4.1. Bias

Figures 5–7 present the mean DJF precipitation bias for eleven CMIP6 models rel-
ative to three observational datasets (viz., CHIRPS, the GPCC, and the CRU). The bias-
corrected models show substantial reductions in the bias of precipitation relative to CHIRPS
(Figure 5, second, third, and fourth columns) compared to precipitation from raw-GCM
(bias-uncorrected) models (Figure 5, first column) over most of Southern Africa. For in-
stance, the CESM2, CM2-SR5, and CMCC-ESM2 models simulate precipitation with a wet
bias between 75 and 125 mm over Botswana, the adjoining countries, and central and
southeastern South Africa (Figure 5, first column). However, this is reduced to less than
40 mm after the three bias correction techniques over Botswana (Figure 5, second, third,
and fourth columns). Similarly, EC-Earth3 and EC-Earth-Veg significantly reduced bias
from 75–125 mm to less than 25 mm in wet bias over northern Botswana, the adjoining
border areas, and southeastern South Africa. Additionally, dry bias in the range of 125 to
200 mm from the MPI-ESM1 and MRI-ESM2 models over Mozambique and the adjoining
areas has been reduced to dry bias between 50 and a maximum of 100 mm. Similarly, dry
bias in the range of 75 to 150 from the NorESM2 and TaiESM1 models over northern Angola
and the adjoining areas has been reduced to dry bias between 25 and a maximum of 50 mm.

It is crucial to examine the difference between CHIRPS and the other two observational
datasets before evaluating the differences between bias-corrected models and the GPCC
or CRU, given the correction was performed using CHIRPS as a reference. The difference
between the observations can be seen from the mean climatology (Figure 2a–c) as well as
from the bias of the native model precipitation relative to the observations (Figure 5–7, first
column). Over most of Southern Africa, there is no discernible difference in model bias
relative to CHIRPS and the GPCC across all the models, except for CM2-SR5, CMCC-ESM2,
EC-Earth3, and INM-CM5. However, in some isolated areas, the biases of these models
relative to the GPCC differ significantly. Similarly, in most of the study areas, the precipita-
tion biases in all the raw GCMs, except for MPI-ESM1, MRI-ESM2, and NorESM2, differ
significantly relative to the CRU. Therefore, these discrepancies between observations are
likely to add up to the bias of the models relative to the GPCC and CRU. For example,
the bias of most bias-corrected models relative to the GPCC (second, third, and fourth
columns) shows the dry bias of 25 to 100 mm over the southern half of Nambia, coastal
Angola, Malawi, northern Mozambique, and the western and southern border areas of
South Africa. The bias-corrected CMIP6 models have consistently uniform (i.e., except
Figure 6c,g,k,ee,qq) performance relative to CHIRPS and the GPCC over regions where
the bias is dry after correction. A notable difference in models relative to CHIRPS and
the GPCC is over isolated places in Botswana, Zambia, and the adjoining areas where the
models are wet-biased even after bias correction. Furthermore, the three bias-corrected
CMIP6 precipitations reveal more dry bias in most of Southern Africa relative to the GPCC
precipitation (Figure 6, second, third, and fourth columns), while the raw GCM (bias-
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uncorrected) CMIP6 precipitation exhibits a substantial wet bias over Southern Africa
relative to the GPCC (Figure 6, first column, except the MPI-ESM1 and MRI-ESM2 models).
Similarly, a significant decrease in the bias of precipitation from the models relative to the
CRU (Figure 7, second, third, and fourth columns) compared to precipitation from the
bias-uncorrected models (Figure 7, first column) is observed over most of Southern Africa.

The precipitation from most of the native CMIP6 models display wet biases across
most of Southern Africa, with few dry biases, notably over Mozambique, according to the
MPI-ESM1, MRI-ESM2, and NorESM2 models (Figure 5–7, first column). In particular,
most raw-GCM (bias-uncorrected) CMIP6 models exhibit a consistently significant wet bias
over Lesotho, the southeast coastal region, and the TRB region centered at 15◦ S of Southern
Africa. These considerable differences have been reported as a challenge for models to
accurately simulate precipitation over complex areas [31,71]. Furthermore, Diallo et al. [79]
and Samuel et al. [28] have linked the observed wet bias over Lesotho and the southeastern
coastal region of Southern Africa to the overestimation of southerly wind flux and the
influence of intricate topography on convective processes. More specifically, the extent
of overestimation over Lesotho and southeastern coastal Southern Africa is significantly
greater in native CMIP6 models compared to bias-corrected ones.

A comparison of the performance of QDM, QDM95, and SDM in reducing bias relative
to CHIRPS showed that the two QDM approaches produced similar spatial patterns of
bias across the region. In contrast, SDM displayed a distinct bias pattern across the region
(Figure 5, columns 2–4). This is observed in the form of a dry bias over the northern
parts of Southern Africa in most models when QDM and QDM95 are applied, which is
in contrast to a wet bias under SDM bias correction. The similarity of bias patterns of
bias-corrected precipitation relative to the GPCC using QDM and QDM95 is also notable.
However, the magnitude of the bias, particularly the dry bias under QDM, is far greater
than that of QDM95 (Figure 6, columns 2–4). SDM exhibits notable differences in the bias
patterns relative to the GPCC with the two bias correction techniques over areas mostly
north of Botswana. The relative performance of the three techniques in terms of minimizing
model precipitation relative to the CRU precipitation shows that QDM and QDM95 are
comparable with some variation among the models, whereas SDM is distinct from the two
over some areas and consistent among the models.

Overall, the comparison reveals a substantial reduction in precipitation bias in the
three bias-corrected techniques of the CMIP6 models relative to CHIRPS. Furthermore,
the analysis shows that the three bias-corrected models had a significantly lower pre-
cipitation bias than the GPCC and CRU observations, indicating the importance of bias
correction in accurately representing precipitation spatial patterns. In summary, QDM95,
QDM, and SDM are effective techniques that can significantly reduce the precipitation
biases in the native models. The bias-corrected results can be used for regional climate
change analysis and climate impact assessment in Southern Africa.
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Figure 5. Spatial bias in DJF seasonal precipitation (mm) is assessed for the raw GCM (uncorrected)
and bias-corrected CMIP6 simulations relative to CHIRPS. The 1st, 2nd, 3rd, and 4th columns repre-
sent raw-GCM, QDM95, QDM, and SDM, respectively, during the period 1982–2014: (a–d) CESM2,
(e–h) CM2-SR5, (i–l) CMCC-ESM2, (m–p) Earth3, (q–t) Earth3-Veg, (u–x) INM-CM4, (y–bb) INM-
CM5, (cc–ff) MPI-ESM1, (gg–jj) MRI-ESM2, (kk–nn) NorESM2, and (oo–rr) TaiESM1.
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Figure 6. The same as Figure 5 but relative to the GPCC.
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Figure 7. The same as Figure 5 but relative to the CRU.
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3.4.2. Distribution of Probability Density Functions (PDFs)

Southern Africa is characterized by high precipitation variability, with a peak during
the DJF season [56]. Examining the PDFs for DJF precipitation allows us to capture the
full range of variability, including extreme events and dry spells that can significantly
impact the region [32]. Figure 8 shows the PDF plots of the observed, bias-uncorrected,
and corrected precipitation for each CMIP6 GCM model over Southern Africa. The distri-
bution aids in understanding the performance of each technique, especially for studying
the variability in precipitation events. We compared the DJF precipitation PDFs from the
CMIP6 GCM models to two daily precipitation datasets, CHIRPS and the GPCC, using
both bias-uncorrected and corrected simulations. A comparison of the GPCC and CHIRPS
reveals substantial differences in the PDFs across Southern Africa, particularly concerning
their peaks and lower and higher extremes (Figure 8). At the lower extreme, particularly
for precipitation amounts less than 20 mm/day, the GPCC consistently underestimates
precipitation compared to CHIRPS. Conversely, at the higher extreme, where precipitation
exceeds 23 mm/day, the GPCC tends to overestimate precipitation relative to CHIRPS.
Furthermore, at the peak probability, which corresponds to the most frequent precipitation
amounts, the GPCC shows lower values than CHIRPS. This underestimation (overestima-
tion) suggests that CHIRPS captures light-to-moderate precipitation events more accurately
than the GPCC, while the GPCC tends to overestimate heavy precipitation events.

Some uncorrected models show deviations from the observed PDF. However, all three
bias correction techniques effectively adjusted the PDF’s shape, albeit in different ways.
The corrected precipitation successfully captured the observed precipitation corresponding
to the probability peaks, aligning with CHIRPS and the GPCC precipitation curve in the
low-precipitation range (Figure 8). At the lower extreme, particularly for precipitation
amounts less than 3 mm/day, most native GCMs (bias uncorrected) and the three bias-
corrected CMIP6 models tend to overestimate precipitation compared to CHIRPS and the
GPCC. Conversely, at the higher extreme, where precipitation exceeds 13 to 35 mm/day,
both bias-uncorrected and bias-corrected techniques tend to underestimate precipitation
relative to CHIRPS and the GPCC. Additionally, at the peak probability, corresponding
to the most frequent precipitation amounts, both bias-uncorrected and bias-corrected
precipitation show higher values than CHIRPS and GPCC. Figure 8l shows that the bias-
corrected multi-model ensemble (MME) of the CMIP6 models overestimates precipitation
at the lower extremes by 1 to 9.9 mm/day compared to CHIRPS and the GPCC. Similarly,
the Raw-GCMs overestimate precipitation by 1 to 7 mm/day relative to CHIRPS and
the GPCC. At higher extremes, except for NorESM2 (Figure 8j), all the native and bias-
corrected models consistently underestimate precipitation by 15 to 40 mm/day compared to
CHIRPS. NorESM2’s raw GCM begins to overestimate precipitation starting at 27 mm/day,
continuing up to 50 mm/day. However, all the models underestimate precipitation relative
to the GPCC at higher extremes, with values ranging from 21 to 50 mm/day. Furthermore,
the precipitation corresponding to the peak probability remains around 10 mm/day for all
the bias correction and uncorrected precipitation relative to CHIRPS. After bias correction
using QDM95, most CMIP6 models show a closer alignment with CHIRPS and the GPCC
in the 3–35 mm/day range, indicating better performance in adjusting the frequency of
moderate precipitation events. All three bias correction techniques performed well in
correcting precipitation across all the CMIP6 models. The result demonstrates that the
performance of bias correction techniques relies on their ability to correct the central
tendencies of daily precipitation (such as the mean) and the extremes in the tails of the
distribution (including very light and very heavy precipitation).
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Figure 8. The probability density of the observed DJF precipitation over Southern Africa during
1982–2014 is compared among the CHIRPS and GPCC datasets, along with the uncorrected and bias-
corrected CMIP6 GCM models:(a) CESM2, (b)CM-SR5, (c) CMCC-ESM2, (d) Earth3, (e) Earth3-Veg,
(f) INM-CM4, (g) INM-CM5, (h) MPI-ESM1, (i) MRI-ESM2, (j) NorESM2, (k) TaiESM1, and (l) MME.

3.4.3. Region-Wide Aggregated Performance of CMIP6 Models

The assessment of the models using various performance metrics such as the seasonal
mean, mean bias, pattern correlation, RMSE, standard deviation, mean ratio, and TSS can
provide valuable insights to improve bias-corrected model precipitation relative to the data
from CHIRPS, the GPCC, and the CRU. Figure 9 shows the performance measures of the
bias-corrected and -uncorrected simulations from the CMIP6 models over Southern Africa.
Table 3 shows the same metrics as in the figure for the sake of data records. After bias
correction, all the techniques demonstrated improved alignment with the CHIRPS dataset
(Figure 9). For instance, the seasonal mean precipitation from CHIRPS is 165.47 mm/month.
The bias-corrected seasonal mean values for CESM2 (QDM), CM2-SR5 (SDM), CMCC-ESM2
(QDM), Earth3 (QDM), Earth3-Veg (QDM), INM-CM4 (SDM), INM-CM5 (QDM95), MPI-
ESM1 (QDM), MRI-ESM2 (SDM), NorESM2 (QDM95) and TaiESM1 (SDM) and the mean
of MME (SDM) are 158.10, 163.44, 161.10, 166.06, 165.86, 163.95, 157.20, 166.23, 164.92,
157.53, and 163.03 and 159.76 mm/month, respectively, which all exhibit closer agreement
with the CHIRPS data (Table 3). This is demonstrated in the bar graphs for the eleven
models (Figure 9a, red bar) and the observed CHIRPS precipitation (Figure 9a, black bar).
Except for Earth3 (QDM), Earth3-Veg (QDM), and MPI-ESM1 (SDM), the bias-corrected
seasonal mean precipitation (Figure 9a: green, blue, and magenta bars) shows only a few
millimeters of dry bias compared to the observed CHIRPS precipitation. The reduction in
the mean bias due to the bias correction of the precipitation from the models relative to
CHIRPS is shown in Figure 9b and Table 3. The improvement in the performance of the
models in capturing the observed precipitation is not limited to the seasonal mean monthly
precipitation. The deviation of model precipitation from the observations as measured
by the RMSE has also significantly reduced to less than 35.6 mm/month from an RMSE
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in the range of 45.16 (NorESM2)–128.11 (INM-CM5) mm/month before bias correction
(Figure 9c).

Figure 9. Statistical scores for the DJF seasonal mean precipitation (a), MB (b), RMSE (c) and R (d),
mean ratio (e), and TSS (f) compared to the CHIRPS data, respectively, for both the bias-corrected
(i.e., QDM95, QDM, and SDM) and bias-uncorrected (raw-GCM) CMIP6 model results over Southern
Africa from 1982 to 2014.

The standard deviation (Stdev) of CHIRPS precipitation is 80.21 mm/month. The stan-
dard deviations of all the bias-corrected precipitation for the CMIP6 models are significantly
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lower than that of CHIRPS (Table 3). In contrast, the standard deviation of all the bias-
uncorrected models except for MPI-ESM1 and EC-Earth3-Veg exceeds that of CHIRPS.
The seasonal mean ratio of precipitation from all the bias-uncorrected models and the mean
ratio of MME (Figure 9e, red bar) is higher than the three bias-corrected precipitations
(Figure 9e). Moreover, the seasonal mean precipitation ratio from the CESM2, CM2-SR5,
CMCC-ESM2, INM-CM4, INM-CM5, Earth3, MRI-ESM2, NorESM2, TaiESM1, and MME
models exceeds 1, indicating wet bias in these models. All the bias correction techniques
have significantly improved the performance of the CMIP6 models in reproducing sea-
sonal precipitation spatial patterns over Southern Africa. The QDM95 bias correction
technique significantly enhanced the ability of the CMIP6 models to replicate seasonal
precipitation spatial patterns across Southern Africa. The pattern correlation increased from
0.760–0.890 to 0.970–0.987 (Figure 9d, blue bar). Similar improvements were observed with
the QDM and SDM bias correction techniques, as evidenced by the correlation increases to
0.969–0.983 (Figure 9d, green bar) and 0.967–0.987 (Figure 9d, magenta bar), respectively.
The improvement in model precipitation is also apparent from the Taylor skill score of
0.79–0.94 for QDM95, 0.81–0.95 for QDM, and 0.79–0.94 for SDM, as opposed to 0.57–0.80
before the bias correction (Figure 9f). QDM shows the highest overall improvement with a
score range of 0.81–0.95, followed by QDM95 and SDM at 0.79–0.94.

Figure 10 and Table 4 display the performance measures of the CMIP6 models, both
bias-corrected and uncorrected, over Southern Africa. The measures include several metrics,
such as the mean seasonal precipitation, MB, RMSE, R, Stdv, mean ratio, and TSS, which
are compared with GPCC precipitation as a reference. Before bias correction, the region-
wide precipitation from all the models exhibited a wet bias against the GPCC. However,
after applying bias correction, most of the models show a dry bias compared to the GPCC,
with only a few models showing a wet bias (Figure 10a,b; also see Table 4). However,
the seasonal mean precipitation of all the bias-corrected models (Figure 10a, green, blue,
and magenta bars) are much closer to the observed GPCC precipitation, indicating a
significant reduction in the substantial bias of the simulated precipitation from the models.
After applying the three bias correction techniques, the RMSE has also been reduced to less
than 33.46 mm/month (Figure 10c).

After the bias correction, the pattern correlation between the precipitation from the
CMIP6 models and the GPCC has improved significantly. The spatial pattern correlation
increased from 0.725–0.870 to 0.955–0.971 for QDM95, 0.944–0.973 for QDM, and 0.946–0.974
for SDM (Figure 10d, green, blue, and magenta bars, respectively). The TSS of reproducing
the observed spatial pattern of the GPCC precipitation by the CMIP6 models also improved,
as indicated by an increase in the TSS from 0.55–0.76 to 0.80–0.91 for QDM95, 0.81–0.91
for QDM, and 0.80–0.89 for SDM (Figure 10f, green, blue, and magenta bars, respectively).
Following the bias correction, the standard deviation decreased to values lower than that
of the GPCC. It is worth noting that the precipitation from MPI-ESM1 exhibits a standard
deviation lower than that of the observation, even before bias correction (Table 4). The mean
ratio of precipitation from ten of the uncorrected models and their MME (Figure 10e, red
bar) is much higher than that of the bias-corrected precipitation (Figure 10e, green, blue,
and magenta bars). It is important to note that a value of 1 indicates a perfect agreement
between model and observation.

Among the three bias correction techniques evaluated, the QDM technique demon-
strated superior performance. It yielded the greatest enhancement in spatial pattern
correlation, increasing from 0.944 to 0.973, and a substantial improvement in the TSS, rising
from 0.81 to 0.91 when the GPCC is used as a reference. These results indicate that the
QDM technique is a highly effective approach for correcting precipitation data biases.
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Table 3. Statistical scores for bias-corrected and uncorrected CMIP6 model results for the DJF season
are compared to CHIRPS data over Southern Africa from 1982 to 2014.

Model Bias Uncorrected Seas. Mean MB RMSE R Stdv Mean Ratio TSS
Name and Corrected (mm/Month) (mm/Month) (mm/Month) (mm/Month)

CHIRPS (obs.) 165.47 0 0 1 80.21 1

CESM2

Raw-GCM 230.11 64.59 82.08 0.760 84.21 1.04 0.60
QDM95 157.86 −7.46 26.68 0.980 58.77 0.73 0.86
QDM 158.10 −7.60 26.18 0.978 59.07 0.73 0.87
SDM 152.60 −12.52 28.77 0.979 57.65 0.71 0.86

CM2-SR5

Raw-GCM 254.69 89.22 98.24 0.833 96.01 1.19 0.68
QDM95 155.73 −9.73 19.92 0.978 67.07 0.84 0.93
QDM 159.41 −6.05 16.32 0.978 69.12 0.86 0.94
SDM 163.413 −2.34 20.72 0.978 64.47 0.80 0.91

CMCC-ESM2

Raw-GCM 251.91 86.44 94.29 0.848 97.08 1.21 0.70
QDM95 156.85 −8.61 19.28 0.984 66.86 0.83 0.94
QDM 161.10 −4.36 15.32 0.979 70.61 0.88 0.95
SDM 151.57 −13.89 29.53 0.984 58.13 0.72 0.87

Earth3

Raw-GCM 248.14 82.67 86.50 0.893 83.21 1.03 0.80
QDM95 158.44 −7.02 18.95 0.987 64.51 0.80 0.93
QDM 166.06 0.59 10.94 0.978 71.71 0.89 0.95
SDM 162.34 −3.12 16.85 0.984 66.59 0.83 0.94

Earth3-Veg

Raw-GCM 248.62 83.15 87.51 0.885 78.91 0.98 0.79
QDM95 158.19 −7.27 22.73 0.985 60.69 0.75 0.90
QDM 165.86 0.39 14.60 0.983 67.03 0.83 0.94
SDM 161.13 −4.33 16.85 0.987 66.13 0.82 0.94

INM-CM4

Raw-GCM 262.85 97.38 103.44 0.868 108.16 1.35 0.69
QDM95 154.74 −10.72 34.51 0.976 52.86 0.65 0.80
QDM 153.19 −12.27 34.52 0.977 53.30 0.66 0.82
SDM 163.95 −1.51 28.93 0.972 55.25 0.68 0.82

INM-CM5

Raw-GCM 288.76 123.29 128.11 0.856 96.62 1.20 0.71
QDM95 157.20 −8.26 32.82 0.970 53.14 0.66 0.79
QDM 155.41 −10.05 32.49 0.969 54.36 0.67 0.81
SDM 153.25 −12.21 35.60 0.976 52.01 0.64 0.79

MPI-ESM1

Raw-GCM 188.24 22.77 49.30 0.741 74.44 0.93 0.57
QDM95 159.84 −5.62 21.45 0.984 63.44 0.79 0.92
QDM 166.23 0.76 18.71 0.982 64.64 0.81 0.92
SDM 169.17 3.70 18.39 0.982 65.35 0.82 0.93

MRI-ESM2

Raw-GCM 221.12 55.65 65.86 0.798 79.67 0.99 0.65
QDM95 158.18 −7.28 25.71 0.980 59.75 0.75 0.88
QDM 161.01 −4.42 22.45 0.976 61.67 0.77 0.89
SDM 164.92 −3.54 22.09 0.982 61.48 0.77 0.90

NorESM2

Raw-GCM 199.95 34.48 45.16 0.870 83.50 1.04 0.76
QDM95 157.53 −7.93 23.76 0.981 60.97 0.76 0.89
QDM 156.97 −8.49 22.94 0.980 62.40 0.78 0.90
SDM 154.88 −10.58 25.19 0.981 62.55 0.78 0.91

TaiESM1

Raw-GCM 238.49 73.02 82.95 0.832 88.30 1.11 0.70
QDM95 150.32 −15.14 31.57 0.979 57.39 0.72 0.86
QDM 153.87 −11.59 27.79 0.973 60.02 0.75 0.87
SDM 163.05 −2.41 22.40 0.967 63.88 0.79 0.89

MME

Raw-GCM 239.35 73.88 83.95 0.835 88.19 1.09 0.70
QDM95 156.81 −8.65 25.22 0.980 60.50 0.75 0.88
QDM 159.74 −5.72 22.03 0.978 63.08 0.77 0.90
SDM 159.76 −5.70 24.11 0.979 61.22 0.76 0.89
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Table 4. Same as Table 3 but compared to the GPCC.

Model Bias Uncorrected Seas. Mean MB RMSE R Stdv Mean Ratio TSS
Name and Corrected (mm/Month) (mm/Month) (mm/Month) (mm/Month)

GPCC (obs.) 163.65 0 0 1 78.51 1

CESM2

Raw-GCM 229.94 66.28 84.12 0.744 84.67 1.07 0.57
QDM95 157.72 −5.92 24.59 0.955 58.69 0.75 0.84
QDM 157.86 −5.79 24.78 0.944 58.98 0.75 0.82
SDM 152.81 −10.84 26.27 0.962 57.56 0.73 0.84

CM2-SR5

Raw-GCM 254.64 90.98 100.55 0.836 96.48 1.22 0.68
QDM95 155.57 −8.07 21.02 0.964 66.97 0.85 0.91
QDM 159.26 −4.39 18.70 0.959 69.05 0.87 0.91
SDM 162.99 −0.66 20.65 0.953 64.40 0.82 0.87

CMCC-ESM2

Raw-GCM 251.84 88.19 96.74 0.844 97.51 1.24 0.69
QDM95 156.69 −6.96 19.50 0.967 66.71 0.85 0.91
QDM 160.48 −2.71 17.51 0.955 70.48 0.90 0.90
SDM 151.44 −11.21 27.13 0.960 58.05 0.74 0.84

Earth3

Raw-GCM 248.88 85.23 90.60 0.870 83.91 1.06 0.76
QDM95 158.83 −4.81 16.82 0.961 64.78 0.83 0.89
QDM 166.48 2.83 13.02 0.952 72.00 0.92 0.90
SDM 162.59 −2.22 15.10 0.958 66.84 0.85 0.89

Earth3-Veg

Raw-GCM 249.19 85.53 91.31 0.859 79.75 1.01 0.75
QDM95 158.41 −5.24 20.04 0.955 60.92 0.78 0.86
QDM 166.48 2.44 15.11 0.951 67.28 0.86 0.88
SDM 162.59 −2.22 14.96 0.958 66.36 0.85 0.89

INM-CM4

Raw-GCM 262.52 98.86 106.70 0.868 108.38 1.38 0.69
QDM95 154.74 −8.91 32.37 0.971 52.86 0.67 0.81
QDM 153.19 −10.45 32.22 0.973 53.30 0.68 0.82
SDM 163.905 0.29 27.58 0.966 55.25 0.70 0.83

INM-CM5

Raw-GCM 288.29 124.64 130.53 0.853 96.76 1.20 0.71
QDM95 157.20 −6.44 29.89 0.966 53.14 0.68 0.80
QDM 155.41 −8.24 29.87 0.961 54.36 0.69 0.81
SDM 153.25 −10.40 33.46 0.974 52.01 0.66 0.80

MPI-ESM1

Raw-GCM 188.79 25.14 52.67 0.725 74.77 0.95 0.55
QDM95 159.71 −3.93 19.55 0.964 63.15 0.80 0.89
QDM 166.09 2.43 18.62 0.958 64.26 0.82 0.88
SDM 169.07 5.42 18.62 0.956 65.08 0.83 0.88

MRI-ESM2

Raw-GCM 220.86 57.21 68.55 0.774 79.90 1.01 0.62
QDM95 158.08 −5.56 22.71 0.958 59.72 0.76 0.85
QDM 160.95 −2.69 20.14 0.953 61.65 0.79 0.86
SDM 161.82 −1.82 19.31 0.961 61.44 0.78 0.87

NorESM2

Raw-GCM 200.04 36.39 48.51 0.861 83.94 1.06 0.75
QDM95 157.39 −6.25 22.39 0.961 60.90 0.78 0.87
QDM 156.84 −6.80 22.33 0.958 62.34 0.79 0.87
SDM 154.72 −8.92 24.65 0.960 62.42 0.78 0.88

TaiESM1

Raw-GCM 238.22 74.57 85.08 0.830 88.59 1.13 0.69
QDM95 150.18 −13.46 29.46 0.956 57.28 0.73 0.83
QDM 153.74 −9.90 26.28 0.945 59.92 0.76 0.83
SDM 162.89 −0.76 22.18 0.946 63.77 0.81 0.86

MME

Raw-GCM 239.38 75.73 86.85 0.824 88.61 1.12 0.68
QDM95 156.78 −6.87 23.49 0.962 60.47 0.77 0.86
QDM 159.71 −3.93 21.69 0.955 63.06 0.80 0.86
SDM 159.72 −3.92 22.72 0.959 61.20 0.78 0.86
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Figure 10. The same as Figure 9 but as compared to the GPCC dataset.

The statistical scores for the bias-corrected and -uncorrected simulations of the CMIP6
models over Southern Africa relative to the CRU are presented in Figure 11 and Table 5.
The seasonal mean precipitation of the CRU is 165.56 mm/month, with a standard deviation
of 77.60 mm/month. This is significantly lower than the mean of the bias-uncorrected
precipitation from all the individual models and their MME over the region (Figure 11a).
Additionally, the variance of model precipitation is higher than the CRU, except for MPI-
ESM1 (Table 5). After bias correction techniques are applied, the observed large bias in
the model precipitation has been reduced considerably to less than 15 mm/month from a
maximum of 122 mm/month (Figure 11b). The RMSE has also been significantly reduced
to less than 33.92 mm/month from an RMSE in the range of 44.29 (NorESM2) to 127.67
(INM-CM5) mm/month before bias correction (Figure 11c). The bias-corrected precipitation
from all the bias correction techniques exhibits better coherence with the CRU, as noted
from the high pattern correlation coefficient. As measured by the pattern correlation and
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TSS, the improvement in bias-corrected precipitation relative to the CRU increased from
0.741–0.893 to 0.970–0.987 for QDM95, 0.969–0.983 for QDM, and 0.967–0.987 for SDM.
Similarly, the improvement in the TSS increased from 0.54–0.75 to 0.81–0.91 for QDM95,
0.82–0.91 for QDM, and 0.81–0.90 for SDM. Based on these metrics, QDM95 generally
demonstrates the best improvement, particularly in terms of the correlation (reaching a
high value of 0.987 (Earth3) and TSS (with a maximum of 0.91 (CMCC-ESM2)). Significant
bias reduction in precipitation simulated by all eleven CMIP6 models and their MME
is achieved following the implementation of distribution-based bias correction. All the
bias-corrected CMIP6 simulations demonstrate better coherence with the CRU (Figure
11d,f).

Figure 11. The same as Figure 9 but as compared to the CRU dataset.
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Table 5. Same as Table 3 but compared to the CRU.

Model Bias Uncorrected Seas. Mean MB RMSE R Stdv Mean Ratio TSS
Name and Corrected (mm/Month) (mm/Month) (mm/Month) (mm/Month)

CRU (obs.) 165.56 0 0 1 77.60 1

CESM2

Raw-GCM 230.11 64.21 80.57 0.760 84.21 1.07 0.57
QDM95 157.86 −7.86 23.79 0.980 58.77 0.75 0.84
QDM 158.10 −7.72 23.67 0.978 59.07 0.75 0.83
SDM 152.60 −12.73 26.11 0.979 57.65 0.74 0.84

CM2-SR5

Raw-GCM 254.69 88.69 97.15 0.833 96.01 1.21 0.68
QDM95 155.73 −10.02 19.62 0.978 67.07 0.86 0.90
QDM 159.41 −6.37 16.64 0.978 69.12 0.88 0.90
SDM 163.413 −2.64 18.19 0.978 64.47 0.82 0.88

CMCC-ESM2

Raw-GCM 251.91 85.81 93.225 0.848 97.08 1.23 0.70
QDM95 156.85 −8.89 18.16 0.984 66.86 0.85 0.91
QDM 161.10 −4.64 15.34 0.979 70.61 0.90 0.91
SDM 151.57 −14.16 26.93 0.984 58.13 0.74 0.85

Earth3

Raw-GCM 248.14 82.00 86.45 0.893 83.21 1.05 0.75
QDM95 158.44 −7.11 17.17 0.987 64.51 0.83 0.89
QDM 166.06 0.49 10.76 0.978 71.71 0.92 0.90
SDM 162.34 −3.22 14.19 0.984 66.59 0.85 0.90

Earth3-Veg

Raw-GCM 248.62 87.20 87.51 0.885 78.91 1.00 0.74
QDM95 158.19 −7.36 20.22 0.985 60.69 0.78 0.86
QDM 165.86 0.29 12.92 0.983 67.03 0.86 0.89
SDM 161.13 −4.39 14.53 0.987 66.13 0.85 0.90

INM-CM4

Raw-GCM 262.85 96.60 103.57 0.868 108.16 1.38 0.71
QDM95 154.74 −10.82 32.83 0.976 52.86 0.68 0.81
QDM 153.19 −12.36 32.91 0.977 53.30 0.68 0.82
SDM 163.95 −1.61 27.75 0.972 55.25 0.71 0.83

INM-CM5

Raw-GCM 288.76 122.78 127.67 0.856 96.62 1.23 0.73
QDM95 157.20 −8.35 30.67 0.970 53.14 0.68 0.81
QDM 155.41 −10.15 30.78 0.969 54.36 0.70 0.82
SDM 153.25 −12.31 33.92 0.976 52.01 0.67 0.81

MPI-ESM1

Raw-GCM 188.24 22.31 47.98 0.741 74.44 0.94 0.54
QDM95 159.84 −5.68 18.99 0.984 63.44 0.81 0.88
QDM 166.23 0.68 16.67 0.982 64.64 0.83 0.88
SDM 169.17 3.66 16.54 0.982 65.35 0.84 0.89

MRI-ESM2

Raw-GCM 221.12 55.50 65.45 0.798 79.67 1.02 0.62
QDM95 158.18 −7.43 22.73 0.980 59.75 0.76 0.86
QDM 161.01 −4.58 19.60 0.976 61.67 0.79 0.87
SDM 164.92 −3.66 18.94 0.982 61.48 0.79 0.88

NorESM2

Raw-GCM 199.95 34.07 44.29 0.870 83.50 1.06 0.74
QDM95 157.53 −8.21 21.47 0.981 60.97 0.78 0.87
QDM 156.97 −8.74 21.13 0.980 62.40 0.80 0.86
SDM 154.88 −10.88 23.64 0.981 62.55 0.80 0.87

TaiESM1

Raw-GCM 238.49 72.46 81.435 0.832 88.30 1.12 0.70
QDM95 150.32 −15.37 28.91 0.979 57.39 0.73 0.84
QDM 153.87 −11.83 25.11 0.973 60.02 0.77 0.84
SDM 163.05 −2.70 20.42 0.967 63.88 0.82 0.86

MME

Raw-GCM 239.35 73.36 83.18 0.835 88.19 1.12 0.68
QDM95 156.81 −8.83 23.14 0.980 60.50 0.77 0.86
QDM 159.74 −5.90 20.50 0.978 63.08 0.81 0.87
SDM 159.76 −5.87 21.92 0.979 61.22 0.78 0.86

As noted in the preceding discussions, the raw CMIP6 models exhibit high positive
mean biases relative to CHIRPS, the GPCC, and the CRU. This overestimation is consistent
across most models and is primarily attributed to their limitations in capturing regional-
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scale precipitation processes. One key limitation is their coarse spatial resolution, which
restricts the ability to resolve fine-scale features such as regional topography and local-scale
convective systems, both of which are critical to the distribution of precipitation over
Southern Africa [80]. These unresolved features influence atmospheric dynamics, moisture
convergence, and convection processes, leading to discrepancies between modeled and
observed precipitation. Additionally, many CMIP6 models struggle to accurately simulate
large-scale circulation features that strongly influence regional precipitation, including
the dynamics of the Intertropical Convergence Zone (ITCZ) [34,35], the position of the
Angola Low, and the intensity of the South Indian Ocean Anticyclone [81]. These limitations
underscore the importance of bias correction to enhance the reliability of climate simulations
in the region. After implementing bias correction methods, these high positive biases were
significantly reduced, leading to improved alignment with observed precipitation patterns.

3.4.4. Ranking of CMIP6 Models

Table 6 presents the evaluation of the bias correction and bias-uncorrected models
alongside the ranking of the models based on the comprehensive rating metrics (MR)
values. The results demonstrate that the choice of reference data and bias correction
techniques significantly impact the model ranking. The overall ranks were assigned to each
model based on the RM values to indicate their performance in representing the spatial
characteristics of precipitation (Table 6). It is noted that the RM metric value ranged from
0.03 (CM2-SR5) for native GCM (ranked last) to 0.98 (CMCC-ESM2) for the bias correction
models relative to CHIRPS, the GPCC, and the CRU, respectively (ranked first) (Table 6).

Table 6. Comprehensive ranking (MR) of raw and bias-corrected CMIP6 GCMs for simulating precipita-
tion over Southern Africa relative to CHIRPS, the GPCC, and the CRU for the period 1982–2014.

Model Bias Correction
CHIRPS GPCC CRU

MR Rank MR Rank MR Rank

CESM2

Raw-GCM 0.08 39 0.08 37 0.07 39

QDM95 0.35 27 0.37 27 0.33 26

QDM 0.43 25 0.38 26 0.38 24

SDM 0.33 28 0.33 29 0.35 25

MBCE 0.35 27 0.36 28 0.35 25

CM2-SR5

Raw-GCM 0.03 41 0.04 39 0.03 40

QDM95 0.83 6 0.93 3 0.87 4

QDM 0.85 5 0.89 4 0.83 8

SDM 0.62 16 0.60 17 0.63 14

MBCE 0.78 10 0.82 8 0.79 9

CMCC-ESM2

Raw-GCM 0.08 39 0.08 40 0.08 38

QDM95 0.95 2 0.98 1 0.97 2

QDM 0.98 1 0.95 2 0.98 1

SDM 0.39 26 0.41 25 0.40 23

MBCE 0.82 7 0.83 7 0.84 7

Earth3

Raw-GCM 0.13 36 0.12 38 0.12 35

QDM95 0.80 8 0.81 9 0.78 10

QDM 0.98 1 0.93 3 0.95 3

SDM 0.79 9 0.78 11 0.81 8

MBCE 0.88 3 0.86 6 0.86 6
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Table 6. Cont.

Model Bias Correction
CHIRPS GPCC CRU

MR Rank MR Rank MR Rank

Earth3-Veg

Raw-GCM 0.10 37 0.09 36 0.10 36

QDM95 0.55 19 0.48 23 0.48 20

QDM 0.86 4 0.79 10 0.87 5

SDM 0.86 4 0.82 8 0.84 7

MBCE 0.76 11 0.71 12 0.74 11

INM-CM4

Raw-GCM 0.08 39 0.08 37 0.08 37

QDM95 0.26 32 0.26 32 0.26 31

QDM 0.29 29 0.30 30 0.30 28

SDM 0.28 30 0.28 31 0.31 27

MBCE 0.28 30 0.28 31 0.29 29

INM-CM5

Raw-GCM 0.05 40 0.06 38 0.07 39

QDM95 0.21 34 0.21 33 0.20 34

QDM 0.27 31 0.28 30 0.28 30

SDM 0.18 35 0.20 34 0.21 33

MBCE 0.23 33 0.23 31 0.22 32

MPI-ESM1

Raw-GCM 0.09 38 0.08 37 0.08 38

QDM95 0.85 5 0.93 3 0.92 4

QDM 0.86 4 0.88 5 0.87 5

SDM 0.68 14 0.58 18 0.63 14

MBCE 0.80 8 0.82 8 0.81 8

MRI-ESM2

Raw-GCM 0.09 38 0.09 36 0.09 37

QDM95 0.53 21 0.53 21 0.59 16

QDM 0.61 17 0.59 18 0.66 12

SDM 0.64 15 0.67 14 0.64 13

MBCE 0.58 17 0.63 16 0.60 15

NorESM2

Raw-GCM 0.23 33 0.22 32 0.21 33

QDM95 0.48 24 0.54 20 0.51 19

QDM 0.68 14 0.68 13 0.66 12

SDM 0.64 15 0.68 13 0.64 13

MBCE 0.59 17 0.63 16 0.60 15

TaiESM1

Raw-GCM 0.13 36 0.13 35 0.13 34

QDM95 0.42 26 0.47 24 0.44 22

QDM 0.58 18 0.56 19 0.56 17

SDM 0.50 23 0.51 22 0.48 20

MBCE 0.50 23 0.51 22 0.48 20

MME

Raw-GCM 0.10 37 0.08 37 0.08 37

QDM95 0.51 22 0.53 21 0.51 19

QDM 0.70 13 0.64 15 0.64 13

SDM 0.43 25 0.44 25 0.45 21

MBCE 0.54 20 0.53 21 0.53 18
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In the QDM bias correction technique, the CMCC-ESM2 and Earth3 models performed
the best in simulating precipitation, both achieving the top rank with an MR of 0.98
compared to CHIRPS. Following closely, the Earth3-Veg and MPI-ESM1 models secured
the fourth rank with an MR of 0.86, while the CM2-SR5 model ranked fifth with an MR of
0.85. Using the QDM95 bias correction technique, the CMCC-ESM2 and MPI-ESM1 models
emerged as the best performers, with an MR of 0.95 and 0.85, ranking second and fifth,
respectively. In the multi-bias correction technique ensemble (MBCE), the Earth3, CMCC-
ESM2, and MPI-ESM1 models performed the best in simulating precipitation, with MR
values of 0.88 (rank 3), 0.82 (rank 7), and 0.80 (rank 8), respectively. Lastly, when bias-
corrected using the SDM technique, the Earth3-Veg model performed the best, achieving
fourth rank with an MR of 0.86 relative to CHIRPS (Table 6). For the GPCC dataset,
the CMCC-ESM2 model demonstrated strong performance, ranking first with an MR of
0.98 when bias-corrected by QDM95. It also achieved the highest performance with QDM,
scoring 0.95. Earth3 performed best with QDM (0.93) and ranked sixth with a 0.86 MR
for the MBCE. CM2-SR5 secured third rank for QDM95 (MR of 0.93) and ranked fourth
and eighth under QDM and the MBCE (MR of 0.89 and 0.82, respectively). MPI-ESM1
followed closely, ranking third with QDM95 (MR of 0.93) and fifth with QDM (MR of
0.88). Earth3-Veg exhibited high performance, ranking eighth under SDM (MR of 0.82)
and tenth under QDM (MR of 0.79) (Table 6). The model rankings showed noticeable
improvements compared to the CRU dataset, though their specific positions and MR values
varied considerably. For example, CMCC-ESM2 achieved the highest rank with an MR of
0.98 under QDM, while under QDM95, it ranked second with an MR of 0.97, and under
MBCE, it also performed well. The Earth3 model ranked third under QDM with an MR
of 0.95 and sixth under the MBCE with an MR of 0.86. Notably, Earth3-Veg, with an MR
of 0.87 and 0.84, secured fifth and seventh place under QDM and SDM, respectively. MPI-
ESM1 showed strong performance, ranking fourth with an MR of 0.92 under QDM95 and
seventh with an MR of 0.84 under QDM (Table 6). Interestingly, QDM, QDM95, and SDM
affect model ranking differently in addition to the reference dataset used. Therefore,
understanding the influence of the bias correction techniques in model ranking is important
when models are chosen for specific tasks based on their ranks. Additionally, it is worth
exploring the ensemble mean of different bias-corrected precipitation datasets from each
model in terms of combined ranking. Following QDM and QDM95, the combined ranking
of the MBCE demonstrated the effectiveness of using an ensemble approach to identify
models that perform consistently well across bias correction techniques. The integration
of QDM, QDM95, and SDM in the MBCE has successfully balanced the strengths and
weaknesses inherent in each technique, resulting in a more reliable assessment of model
performance. This approach provides a holistic view, ensuring that the selected models
are suited to specific conditions and exhibit robustness across different datasets and bias
correction techniques.

Overall, all the uncorrected (Raw-GCM) models and their MME show poor perfor-
mance, with MR values typically below 0.2 across all three datasets. The bias-corrected
mean MR of the MME ranged from 0.45 under SDM to 0.70 under QDM when compared to
CHIRPS, from 0.44 under SDM to 0.64 under QDM when compared to the GPCC, and from
0.45 under SDM to 0.64 under QDM when compared to the CRU. While some models, such
as CMCC-ESM2, MPI-ESM, Earth3-Veg, and Earth3, showed relatively high MR values,
exceeding 0.80 in CHIRPS, the GPCC, and the CRU, the overall MR of the MME remains
relatively modest (Table 6). However, their rankings varied across the datasets. In contrast,
INM-CM5 and INM-CM4 consistently performed poorly in simulating precipitation from
CHIRPS, the GPCC, and the CRU before and after bias correction. Therefore, this finding
shows the critical role of bias correction precipitation in improving the performance of
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CMIP6 models. Among the bias correction techniques, QDM has significantly enhanced
the reliability of CMIP6 GCMs in accurately simulating precipitation over the study area.

Relative to CHRIPS, the GPCC, and the CRU, the bias-uncorrected MPI-ESM1 and
NorESM2 models perform relatively well, exhibiting the lowest MB and RMSE values
and mean ratio closer to unity (Tables 3–5). Sian et al. [17] utilized the latest version
of the CMIP6 experiment to simulate precipitation over Southern Africa and demon-
strated that MPI-ESM1-2-HR outperformed most other models in their study. Similarly,
Makula and Zhou [25] used the latest version of the CMIP6 precipitation data over
East Africa and showed that MPI-ESM1-2-HR has outperformed other individual models.
The findings of both studies are consistent with our results as far as the magnitude of precip-
itation estimates from the models are concerned. However, in terms of spatial consistency
(i.e., as measured by pattern correlation and the TSS), CESM2, MPI-ESM1, and MRI-ESM2
performances are inferior to the rest of the models in this study. Interestingly, this dif-
ference in the performance of the models significantly diminishes after bias correction,
implying the importance of bias correction techniques for all models to produce consistent
simulations among models. Based on all the statistical metrics, the CMCC-ESM2, Earth3,
Earth3-Veg, and MPI-ESM1 models stand out as the top performers in this evaluation. Their
strong performance across all metrics, particularly after bias correction, demonstrates their
superior ability to simulate precipitation patterns over the study region. The consistency
of these models across different datasets and bias correction techniques underscores their
robustness and reliability for climate modeling. On the contrary, INM-CM4 and INM-CM5
exhibit relatively poor performance, characterized by the smallest MR values and largest
RMSE, MB, standard deviation, and seasonal mean, primarily due to their tendency to
overestimate changes in precipitation owing to presumably their coarser resolution. A few
studies argue that higher-resolution climate models outperform those with coarser resolu-
tions in accurately simulating observed precipitation [82,83]. Others have shown that this
is not always the case (e.g., [26]).

4. Conclusions
In this study, the effectiveness of various bias correction techniques—QDM, separate

QDM for precipitation equal to or less than the 95th percentile and greater than the 95th
percentile (QDM95), and SDM—in improving the accuracy of precipitation simulations
from CMIP6 models across Southern Africa was comprehensively evaluated. The primary
focus was on enhancing the simulated precipitation’s alignment with the observed data,
particularly during the DJF season. We focused on correcting the daily precipitation data
from eleven CMIP6 models. This study compared the performance of these bias-corrected
CMIP6 models, from 1982 to 2014, with three observational datasets: CHIRPS, the CRU,
and the GPCC. Standard statistical metrics such as the seasonal mean, MB, RMSE, Pattern
correlation coefficient (R), Stdv, mean ratio, PDF, TSS, and comprehensive rating metrics
(MR) were used to assess the accuracy of the models before and after bias correction in
reproducing seasonal precipitation patterns over Southern Africa. Additionally, the K-S
test was applied to assess whether the gamma distribution is suitable for daily rainfall
distribution in a statistical sense.

The findings reveal that while raw GCM outputs exhibited notable discrepancies in
both the magnitude and spatial distribution of precipitation, particularly over complex
terrains and high-altitude regions, the application of bias correction techniques significantly
mitigated these biases. The bias-corrected models demonstrated improved alignment with
the observational datasets, such as CHIRPS, the GPCC, and the CRU. Among the methods,
QDM emerged as the most consistent across various metrics, while QDM95 proved particu-
larly effective in reducing wet biases in northern Southern Africa and the coastal regions.
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Despite these advancements, challenges persisted. The bias correction techniques, while
effective, did not fully resolve all the discrepancies, especially in regions like Madagascar,
where the east–west precipitation gradient remained inadequately captured. Discrepancies
between the observational datasets also contributed to residual biases, affecting the overall
performance of the bias correction techniques in certain areas. CHIRPS, for instance, better
captured light-to-moderate precipitation events but showed biases relative to the GPCC and
CRU. The analysis of the PDF of the bias-corrected precipitation indicated that bias correc-
tion enhanced model performance, particularly for moderate precipitation (3–35 mm/day).
However, both the corrected and uncorrected models underestimated higher extremes.
The substantial increase in the number of precipitation grids following bias correction
showed significant improvement in the goodness of fit of the model precipitation to the
gamma distribution, as reflected in the high acceptance rate of the null hypothesis. This is
consistent with the preceding reduced bias.

This study demonstrated the impact of bias correction on various performance metrics,
including the MB, RMSE, and pattern correlation. The bias-corrected models exhibited
substantial improvements in simulation accuracy, with reductions in the RMSE from values
as high as 130.53 mm/month (for INM-CM5) to less than 35.6 mm/month. The spatial
patterns of precipitation also improved significantly, with correlations increasing from 0.740–
0.890 to 0.972–0.987 post-correction. QDM95, in particular, showed superior performance
in enhancing the spatial pattern correlation and TSS, outperforming other techniques.
The results underscored that while bias correction techniques improved model simulations,
their effectiveness varied depending on precipitation intensity and regional characteristics.

The three bias-corrected techniques performed consistently in replicating the seasonal
spatial pattern of DJF precipitation, with only a small bias observed over most parts
of Southern Africa compared to the three observational datasets. In contrast, the bias-
uncorrected precipitation showed much higher RMSE values than the bias-corrected CMIP6
simulations. Additionally, the pattern correlation coefficients were higher for the bias-
corrected models than the bias-uncorrected models in all eleven CMIP6 models and their
MME. Moreover, the Stdv in the bias-corrected CMIP6 simulations was lower than those
of the uncorrected ones. The bias-corrected CMIP6 models strongly agreed with the CRU,
the GPCC, and CHIRPS regarding the seasonal mean precipitation, boasting a high pattern
correlation and low RMSE values. The PDF for all the models demonstrated a significant
improvement from the three bias correction techniques, especially QDM95 and QDM,
which helped preserve the precipitation extremes and reduced the potential filtering of the
extremes due to quantile matching as it depends on data volume in different precipitation
classes. There were especially notable differences in the data volume within the lower and
upper extremes compared to the rest of the dataset.

Following the three bias correction techniques, the pattern correlation increased from
0.76–0.89 to 0.97–0.99. Additionally, the TSS for reproducing the CHIRPS spatial pattern
over Southern Africa improved from 0.57–0.80 to 0.79–0.95. Similarly, the pattern correlation
of precipitation from the CMIP6 models with the GPCC precipitation improved from 0.73–
0.87 to 0.94–0.97. The TSS of reproducing the observed spatial pattern of the GPCC
precipitation by the CMIP6 models also increased from 0.55–0.76 to 0.80–0.91. Furthermore,
the improvement in the three bias-corrected precipitations compared to the CRU in terms
of correlation increased from 0.74–0.89 to 0.97–0.99, while the TSS changed from 0.54–0.75
to 0.81–0.91.

Comprehensive rating metrics (MR) were used to rank the models based on their spa-
tial performance across three observational datasets (CHIRPS, GPCC, and CRU). The find-
ings indicated that the bias correction techniques significantly impacted the model rankings,
with QDM and QDM95 generally improving model reliability. Notably, CMCC-ESM2,
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Earth3, Earth3-Veg, and MPI-ESM1 showed high performance after bias correction, achiev-
ing top ranks. Conversely, uncorrected models exhibited poor performance, with MR
values below 0.23, underscoring the necessity of bias correction. These results highlighted
the importance of selecting appropriate bias correction techniques and reference datasets
for accurate model evaluations. Models with a higher resolution generally performed
better, though the relationship between resolution and performance remained complex
and context-dependent. Future investigations should focus on refining bias correction
techniques and exploring the merit of applying an ensemble of bias-corrected techniques
to enhance climate studies and projections.

Overall, this study underscored the critical role of bias correction in improving the
reliability of CMIP6 model simulations for precipitation, with significant implications for
climate impact assessments, water resource management, and disaster risk mitigation in
Southern Africa. This improvement was reflected in various aspects, such as temporal
distribution, spatial patterns, mean climatology, and seasonal cycles. Moreover, Part II of
this paper addresses, the added value of distribution-based bias correction in representing
climate extremes by assessing the models’ performance before and after bias correction.
Also, evaluating the impact models, such as hydrological and crop models, using bias-
corrected and bias-uncorrected precipitation as inputs over the Southern African region
can provide valuable insights.
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