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Abstract: Accurate simulation of extreme precipitation events is crucial for managing
climate-vulnerable sectors in Southern Africa, as such events directly impact agriculture,
water resources, and disaster preparedness. However, global climate models frequently
struggle to capture these phenomena, which limits their practical applicability. This study
investigates the effectiveness of three bias correction techniques—scaled distribution map-
ping (SDM), quantile distribution mapping (QDM), and QDM with a focus on precipitation
above and below the 95th percentile (QDM95)—and the daily precipitation outputs from
11 Coupled Model Intercomparison Project Phase 6 (CMIP6) models. The Climate Hazards
Group Infrared Precipitation with Stations (CHIRPS) dataset was served as a reference. The
bias-corrected and native models were evaluated against three observational datasets—the
CHIRPS, Multi-Source Weighted Ensemble Precipitation (MSWEP), and Global Precipita-
tion Climatology Center (GPCC) datasets—for the period of 1982–2014, focusing on the
December-January-February season. The ability of the models to generate eight extreme
precipitation indices developed by the Expert Team on Climate Change Detection and
Indices (ETCCDI) was evaluated. The results show that the native and bias-corrected
models captured similar spatial patterns of extreme precipitation, but there were significant
changes in the amount of extreme precipitation episodes. While bias correction generally
improved the spatial representation of extreme precipitation, its effectiveness varied de-
pending on the reference dataset used, particularly for the maximum one-day precipitation
(Rx1day), consecutive wet days (CWD), consecutive dry days (CDD), extremely wet days
(R95p), and simple daily intensity index (SDII). In contrast, the total rain days (RR1), heavy
precipitation days (R10mm), and extremely heavy precipitation days (R20mm) showed
consistent improvement across all observations. All three bias correction techniques en-
hanced the accuracy of the models across all extreme indices, as demonstrated by higher
pattern correlation coefficients, improved Taylor skill scores (TSSs), reduced root mean
square errors, and fewer biases. The ranking of models using the comprehensive rating
index (CRI) indicates that no single model consistently outperformed the others across all
bias-corrected techniques relative to the CHIRPS, GPCC, and MSWEP datasets. Among the
three bias correction methods, SDM and QDM95 outperformed QDM for a variety of crite-
ria. Among the bias-corrected strategies, the best-performing models were EC-Earth3-Veg,
EC-Earth3, MRI-ESM2, and the multi-model ensemble (MME). These findings demonstrate
the efficiency of bias correction in improving the modeling of precipitation extremes in
Southern Africa, ultimately boosting climate impact assessments.

Keywords: bias correction; precipitation extremes; CHIRPS; CMIP6 models; GPCC;
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1. Introduction
The impacts of extreme weather and climate events on society and the environment

have become increasingly severe in recent years, raising concerns about ecosystems and
societal vulnerability [1,2]. For instance, extreme precipitation events have significantly
affected human populations, ecosystems, and infrastructure. This has led to increased
flooding, landslides, and erosion, resulting in property damage, loss of life, and displace-
ment of communities [3]. The Sixth Assessment Report (AR6) of the Intergovernmental
Panel on Climate Change (IPCC) highlights the disproportionate impacts of climate change
on societies with limited adaptive capacities [4]. The Southern African region is particularly
vulnerable due to a combination of a low adaptation capacity and limited understanding of
climate variability. Recent extreme events driven by climate change have exacerbated water
scarcity, droughts, disrupted ecosystems, jeopardized food security, destroyed infrastruc-
ture, and caused loss of life [5,6]. For example, the 2015–2016 drought led to widespread
crop failure and severe food insecurity. Similarly, heavy precipitation events associated
with tropical cyclones have resulted in extreme flooding, leading to deaths, displacement,
and infrastructure damage [7,8]. As recently as 19 February 2025, Gaborone, Botswana
experienced severe flooding after several days of heavy rain caused the Gaborone Dam to
overflow. Many areas in Botswana recorded rainfall amounts ranging from 150 mm to over
200 mm within a 24-h period several times leading up to the severe flooding. This disaster
affected over 5000 people, displaced nearly 2000 individuals and households, and resulted
in the deaths of 9 people (https://www.voanews.com/a/deadly-floods-in-botswana-kill-
9-nearly-2-000-people-evacuated/7986895.html, accessed on 19 February 2025).

As a result, understanding the spatiotemporal patterns of extreme precipitation is
critical for assessing water resource availability, ecosystem dynamics, and economic de-
velopment and managing disaster-related risks [9,10]. Changes in extreme precipitation
patterns are also crucial for evaluating climate models and improving extreme weather
forecasts [3,11]. Numerous studies have shown that climate models often underestimate
the intensity and overestimate the frequency of extreme precipitation patterns [12–14].
However, many studies do not apply bias correction methods, compromising their accu-
racy. Global climate models (GCMs) are critical tools for studying climate extremes at
global and regional scales, but they often struggle to simulate extreme precipitation events
accurately due to their coarse-gridded resolution and inherent model biases [15,16]. This
limitation leads to significant biases that reduce their usefulness for regional and local
impact studies, such as hydrological, ecological, and agricultural modeling [17,18]. Bias
correction techniques are therefore essential to improving GCM performance, particularly
in accurately capturing extreme precipitation events.

Several bias correction methods have been developed to address these model biases,
with distribution-based approaches proving particularly effective for correcting precipi-
tation biases [19–21]. For instance, Gumindoga et al. [22] found that quantile mapping
based on empirical distributions produced the best results for satellite precipitation es-
timates. Similar findings were reported by Tabari et al. [20] and Chen et al. [23], who
concluded that quantile mapping on a gamma distribution yielded favorable out-
comes for precipitation bias correction. Studies conducted across Africa, such as those
by Ayugi et al. [24], Hamadalnel et al. [25], and Jaiswal et al. [21], demonstrated improve-
ments in model accuracy using similar quantile mapping techniques.

Many studies have investigated extreme precipitation variability in Southern Africa
using CMIP5 and CMIP6 [26–29]. For instance, Bellprat et al. [26] examined wet and dry
seasons using CMIP5 data, revealing that despite a general drying trend, heavy moisture
flux could increase the frequency of heavy precipitation events. Sian et al. [27] compared
CMIP6 to evaluate the impact of the bias correction method on extreme precipitation,

https://www.voanews.com/a/deadly-floods-in-botswana-kill-9-nearly-2-000-people-evacuated/7986895.html
https://www.voanews.com/a/deadly-floods-in-botswana-kill-9-nearly-2-000-people-evacuated/7986895.html
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uncovering a notable drying trend in spatiotemporal projections during wet and dry
seasons. While they focused primarily on future projections, they did not delve into a
detailed comparison of simulated historical extreme precipitation. Samuel et al. [28] utilized
the Bias Correction with Spatial Disaggregation (BCSD) technique to enhance the accuracy
of CMIP6 models for assessing mean and extreme precipitation over Sub-Saharan Africa,
employing the Global Meteorological Forcing Dataset (GMFD) as a reference. Their analysis,
however, solely tested the performance of the quantile mapping bias correction method,
which is used by BCSD. Furthermore, previous studies have thoroughly explored excessive
precipitation in portions of Southern Africa, such as South Africa, the Namib Desert, and
southeastern Africa [8,30–32], which has significantly contributed to the understanding
of its effects in these regions. However, these studies did not use bias-corrected data.
While these studies examined the reliability of bias-corrected climate models (e.g., CMIP6,
CMIP5, and CORDEX) in simulating high extreme precipitation levels at both global and
regional scales—especially in areas with complex climate zones and varied topography—it
appears that their effectiveness in accurately capturing high extreme precipitation indices
in Southern Africa has not been thoroughly investigated. To address these gaps, this study
evaluates the performance of eleven CMIP6 models using three bias correction techniques to
reproduce observed extreme precipitation during the peak rainy season (from December to
February (DJF)). This study builds upon our previous research (Addisuu et al. [33]), which
focused on the spatiotemporal characterization of native and bias-corrected precipitation
relative to observational data. In this paper, we expand our previous analysis to evaluate
how bias correction improves the representation of precipitation extremes in CMIP6 models
compared with three observational datasets.

The structure of this paper is as follows. Section 2 outlines the datasets and method-
ologies employed, including the calculation of extreme precipitation indices. Section 3
presents the findings from comparing bias-corrected and uncorrected simulations against
observational data. Finally, Section 4 summarizes the key findings regarding the ability of
CMIP6 models to simulate extreme precipitation indices and the improvements achieved
through bias correction, and it identifies the most effective bias correction technique.

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

This study was undertaken in Southern Africa, covering an extensive range of coor-
dinates from approximately 9 to 35 degrees south latitude and from 11 to 51 degrees east
longitude (Figure 1). A large drainage basin within this region with coastlines from the
Atlantic Ocean to the Indian Ocean reaches Cape Agulhas. Eleven countries, including
the island nation of Madagascar, namely Zimbabwe, Malawi, Botswana, Angola, Zambia,
Namibia, Mozambique, Lesotho, Eswatini, and South Africa, are encompassed within this
geographical area.

2.2. Data and Methods
2.2.1. Observational Data

To ensure robust and reliable results, three observational datasets were carefully
selected for this study, following recommendations from a previous investigation in Sub-
Saharan Africa [28]. This previous work emphasized the importance of using multiple
high-resolution datasets, such as Climate Hazards Group Infrared Precipitation with Sta-
tion (CHIRPS) and Multi-Source Weighted Ensemble Precipitation (MSWEP), to address
uncertainties in observational data and enhance the reliability of bias-corrected projections.
Because of its proven accuracy over Southern Africa and its capacity to overcome the
spatiotemporal limitations of rain gauges, the CHIRPS dataset—which offers a thorough
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daily precipitation record from 1982 to 2014 with a high spatial resolution of 0.25◦—was
selected as the reference in the bias correction and as one of the sets of observational data
in the evaluation of the native model and bias-corrected precipitation for this study [35].
Similarly, the MSWEP dataset utilizes spatial resolutions of 0.1◦ × 0.1◦, with temporal
daily precipitation data available from 1982 to 2014. MSWEP incorporates satellite imagery,
ground observations, and reanalysis for comprehensive precipitation data, providing a
robust global picture [36]. MSWEP’s superior performance in daily precipitation estimates
compared with other options [37], coupled with its high spatial resolution, made it the
ideal choice as one of the observational datasets in this study. Furthermore, the Global
Precipitation Climatology Center (GPCC) Full Data Daily Version 2020 dataset was utilized
as another observational dataset against which the native and bias-corrected models were
assessed. Covering the period from 1982 to 2014 with a spatial resolution of 1◦ × 1◦, GPCC
ensured extensive observational coverage, enhancing the reliability of the analysis [38].

Figure 1. The red box shows the location of the study area in Africa. The zoomed inset illustrates the
elevation (in meters) and the borders of the countries within the study area. The surface elevation
data were obtained from ETOPO2 [34].

2.2.2. CMIP6 Climate Models

This study evaluated the effectiveness of bias correction techniques in capturing ex-
treme precipitation characteristics using 11 general circulation models (GCMs) from the
CMIP6 dataset. These models were the same as those employed by Addisuu et al. (2025) (the
companion paper, Part I), which focused on assessing improvements in the spatiotemporal
characteristics of precipitation through bias correction. By maintaining a consistent model
selection, this study specifically examined how bias correction techniques influence extreme
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precipitation events, comparing both bias-corrected and native data against observational
datasets. This comparison offers a deeper understanding of the models’ responses to climate
variability and the application of bias correction techniques. Our selection criteria were based
on two key factors: (1) the availability of the r1i1p1f1 ensemble member to ensure consistency
across models and (2) the availability of complete daily precipitation data for the historical
period and all four future scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5). Further
details on the model descriptions for each CMIP6 GCM can be found in Sections 2 and 2.2.2
of the work by Addisuu et al. [33].

2.3. Methods
2.3.1. Bias Correction

This study used 11 GCMs from CMIP6 to assess the effectiveness of three bias
correction techniques for historical daily extreme precipitation data in Southern Africa.
The techniques included two versions of quantile mapping. The first version is quantile
mapping (quantile distribution mapping (QDM)), and the second version is quantile
mapping for precipitation equal to or less than the 95th percentile and greater than the
95th percentile (QDM95). 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. QDM and QDM95 were implemented using
quantile mapping techniques based on the cumulative distribution functions (CDFs)
of modeled and observed precipitation. Despite their similarities, the two methods
differed in key aspects. QDM applies a 30-day moving window centered on the date of
interest to calculate the 33-year (1982–2014) daily precipitation CDFs from simulations
and observations, while QDM95 constructs the CDFs using the entire daily time series
without a moving window. Additionally, QDM95 applies a threshold-based approach
where model precipitation is less than or equal to the 95th percentile, and levels above
this percentile are adjusted separately during bias correction to better capture extreme
events.This differentiation is not present in the case of QDM. The third technique inves-
tigated is known as scaled distribution mapping (SDM). Addisuu et al. [33] provided
thorough descriptions of the QDM, QDM95, and SDM techniques in Section 2.3.1.

2.3.2. Extreme Precipitation Indices

We assess the ability of both native and corrected CMIP6 models to accurately repre-
sent eight extreme precipitation indices outlined by the Expert Team on Climate Change
Detection and Indices (ETCCDI), categorized into five basic groups (see Table 1) [39–41].
Derived from daily precipitation data, these indices have been widely employed to
detect, attribute, and project changes in climate extremes [27,40–44]. The geographical
representation of these extreme indices was evaluated by comparing outputs from both
native and corrected models with three gridded observational datasets for the period of
1982–2014, focusing on the main rainy season from December to February (DJF) [45,46].
The selection of the DJF period aligns with previous studies, such as those in [47,48],
which evaluated climate models during the main rainy season. Furthermore, the authors
of [49] noted that while the rainy season lasts from October to March, the majority
of extreme precipitation events occur during the DJF months. This is because during
DJF, the region is influenced by the peak of the Intertropical Convergence Zone (ITCZ),
increased solar heating, and strong moisture transport from the Indian Ocean, all of
which enhance convective activity and favor the development of intense precipitation
systems [50,51].
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Table 1. List of the extreme precipitation indices utilized in this study.

Categories Extreme
Indices Full Name Definition Units

Absolute
indices RX1day Maximum 1-day

precipitation Maximum amount of precipitation in 1 day mm

Intensity
indices SDII Simple daily intensity Total precipitation divided by the number of

wet days mm/day

CDD Consecutive dry days Maximum number of consecutive dry days days

Duration
indices

(i.e., daily precipitation < 1 mm)

CWD Consecutive wet days Maximum number of consecutive wet days days
(i.e., daily precipitation ≥ 1 mm)

RR1 Total rainy days Total number of day with PR ≥ 1 mm days

R10mm Number of heavy Number of days with precipitation ≥ 10 mm daysThreshold
indices precipitation days

R20mm Number of extremely
heavy Number of days with precipitation ≥ 20 mm days

precipitation days

Percentile
indices R95p Extremely wet days Total wet days precipitation when PR > 95th mm

2.3.3. Performance Evaluation Statistical Metrics

This research focuses on the peak precipitation season spanning from December to
February (DJF), which encompasses much of the Southern Africa region [52–54]. The
MSWET, CHIRPS, and GPCC datasets were used to evaluate the added value of bias correc-
tion. The MSWET and GPCC datasets and CMIP6 GCMs vary in their horizontal resolutions.
Due to the differing spatial resolutions of the models and observations considered in this
study, interpolation was employed to facilitate comparisons at a uniform grid resolution of
0.25◦ × 0.25◦. Specifically, bilinear interpolation was utilized for GPCC with a coarser
resolution, while conservative interpolation techniques were applied to MSWEP with a
finer resolution, following the recommendations outlined by Jones [55]. This step ensured
a consistent resolution for evaluating spatial patterns and computing statistical metrics.
This interpolation step was not expected to introduce significant biases into the analysis, as
the bias correction was performed at the model grid, followed by the generation of precipi-
tation extreme indices, which were then regridded to a common grid. Several studies have
demonstrated that when performed carefully, interpolation to a common grid has minimal
effect on the outcome of model evaluation, particularly for large-scale climate features and
metrics such as the mean precipitation and bias [56]. Moreover, Hofstra et al. [57] found
that the choice of interpolation method (e.g., bilinear, nearest neighbor, or conservative) had
a negligible impact on the assessment of precipitation statistics at seasonal timescales when
evaluated over regional domains such as Southern Africa. Accordingly, the interpolation
approach adopted in this study is appropriate and consistent with the best practices in
climate model evaluation.

In this study, evaluation was conducted by processing and comparing the models’
outputs with observation datasets using robust statistical techniques recommended by the
World Meteorological Organization (WMO) [58]. These statistical indicators included five
different evaluation metrics—the mean bias (MB), root mean square error (RMSE), pattern
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correlation coefficient (PCC), Taylor skill score (TSS), and comprehensive ranking index
(CRI)—as given in detail in our previous work Addisuu et al. [33].

3. Results and Discussion
3.1. Geographical Pattern of Mean Extreme Precipitation
3.1.1. Maximum Consecutive Dry Days (CDD) and Wet Days (CWD)

Figure 2 depicts the spatial distributions of maximum consecutive dry days (CDD)
and wet days (CWD) based on the native and bias-corrected multi-model ensemble (MME)
averages of the CMIP6 models and observations. Discrepancies among the observations
were more pronounced for CWD than for CDD. MSWEP (Figure 2c) indicated less CDD
than GPCC (Figure 2b) and CHIRPS (Figure 2a) by up to 6 days over areas such as Zambia,
Malawi, northern and central Mozambique, the Lesotho Highlands, and parts of eastern
South Africa and Madagascar. In contrast, MSWEP (Figure 2j) showed significantly more
CWD, greater than CHIRPS (Figure 2h) and GPCC (Figure 2i) by over 24 days in northern
Southern Africa and Madagascar. All three observational datasets showed longer dry
spells (over 18 days) in western Namibia and western South Africa, while shorter dry
spells (0–6 days) were common along the Intertropical Convergence Zone (ITCZ), northern
Southern Africa, most of Madagascar, and the Lesotho and eastern South Africa regions,
although discrepancies existed. This observed pattern of low CDD (high CWD) counts in
southeastern Africa compared with southwestern Africa suggests a pronounced weakening
of the ITCZ during its seasonal migration [54,59–61]. Our findings align with those of
Gibba et al. [3], who observed longer dry spells and shorter wet spells in arid regions such
as the eastern subtropical Atlantic Ocean extending widely over the Kalahari Desert and
Namibia, as well as longer wet and shorter dry spell areas influenced by the ITCZ (eastern
Southern Africa).

The native GCM multi-model ensemble (MME) significantly underestimated the ob-
served CDD values across much of Southern Africa (Figure 2d) relative to the observational
datasets (Figure 2a–c). However, bias correction techniques have improved this under-
estimation, particularly in western and southern South Africa, the Lesotho Highlands,
Botswana, central Mozambique, and southern Madagascar (Figure 2e). While the three
bias correction techniques (Figure 2e–g) slightly overestimated the CDD, their values
aligned more closely with the observational datasets than the native MME. This overall
underestimation of the native CDD was similar across the African regions, as reported
in prior studies [44,62,63]. Additionally, Figure 2k shows a substantial CWD frequency
pattern, with values exceeding 24 days over northern Southern Africa and Madagascar and
moderate values (12–18 days) in the Lesotho-Eswatini region and central Southern Africa.
These high CWD values (>30 days) were notably reduced after applying bias correction
techniques, especially in northern Southern Africa and Madagascar (Figure 2i–n), reflecting
the overall effectiveness of these techniques. Furthermore, the native models generally
showed excessive CWD, leading to significant overestimations relative to CHIRPS, GPCC,
and MSWEP. This well-documented drizzling bias is prevalent in CMIP6 models [6,64].
Our findings indicate that bias correction techniques improved this bias, resulting in more
accurate representations of both the CDD and CWD. The results underscore the importance
of bias correction techniques in enhancing the simulation of CDD and CWD extremes in
Southern Africa, contributing to more reliable extreme climate impact assessments.
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Figure 2. Climatological (1982–2014) spatial distribution of December-January-February (DJF)
CDD (top row) and CWD (bottom row): (a,h) CHIRPS, (b,i) GPCC, (c,j) MSWEP, (d,k) multi-model
ensemble (MME) of native simulations, (e,l) MME of QDM95, (f,m) MME of QDM, and (g,n) MME
of SDM.

Overall, bias correction techniques significantly improved the alignment of the CDD
MME results with CHIRPS, MSWEP, and GPCC, particularly by more accurately represent-
ing consecutive wet and dry day spells than the native models. The bias-corrected outputs
also showed substantially reduced CWD values, bringing them closer to the CHIRPS
and GPCC observations. However, in the northern areas of Southern Africa, the native
MME aligned more closely with the MSWEP dataset. These regional and dataset-specific
variations emphasize the importance of considering such factors when evaluating the effec-
tiveness of bias correction techniques. Additionally, we observed considerable differences
among the three observational datasets in their ability to capture the spatial distribution
of the CDD and CWD extreme precipitation indices. Earlier research [3,28,65,66] high-
lighted similar inconsistencies, underscoring the importance of carefully selecting reference
datasets when making comparisons.

3.1.2. Total Number of Rainy Days (RR1) and Heavy (R10mm) and Extremely Heavy
Precipitation Days (R20mm)

Figure 3a–g illustrates the geographical distributions of RR1 between the observations
and both bias-corrected and native CMIP6 MME simulations. Although the spatial patterns
of RR1 exhibited similarities across all datasets, significant discrepancies were evident
in the magnitude of RR1, particularly in regions characterized by the highest number of
rainy days. For instance, MSWEP exhibited higher RR1 values (∼44 days) than GPCC
(∼33 days) and CHIRPS (∼22 days) in the Lesotho-Eswatini region and coastal Angola.
Previous studies (e.g., [65]) also reported discrepancies among the observational datasets,
particularly in this region.

When comparing the multi-model ensemble (MME) means with the observations,
significant differences were noted between the native GCM results (Figure 3d) and the
bias-corrected results (Figure 3e–g) in terms of RR1 magnitude and spatial distribution.
The native GCM simulations (Figure 3d) showed substantial deviations from the observed
datasets (Figure 3a–c), particularly in the Lesotho Highlands, eastern Angola, the northern
and eastern parts of Southern Africa, and Madagascar, where regions with more than
66 days of RR1 exhibited marked differences. However, after applying bias correction
techniques (QDM95, QDM, and SDM), the native GCM results were adjusted to align more
closely with the observations by reducing systematic biases. These corrections significantly
improved the accuracy of the CMIP6 models, leading to a more realistic representation
of observed RR1 spatial patterns. Notable improvements were evident in areas such as
Lesotho, Eswatini, coastal Angola, northern and central Southern Africa, and Madagascar,
where the spatial distribution and magnitude of RR1 better matched the observations.
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Furthermore, the spatial patterns of heavy precipitation days (R10mm) and extremely
heavy precipitation days (R20mm) are shown in Figure 3h–n and Figure 3o–u, respectively.
The highest number of days with precipitation exceeding 10 mm and 20 mm occurred
along the east coast of Angola, Zambia, Malawi, Mozambique, and northern Zimbabwe,
as well as in parts of northern and central Madagascar (Figure 3h–j,o–q). Both the na-
tive (Figure 3r–u) and bias-corrected (Figure 3k–n) CMIP6 models captured the general
spatial patterns of heavy (R10mm) and extremely heavy (R20mm) precipitation days. How-
ever, notable discrepancies remained between the model simulations and observational
datasets. Specifically, MSWEP tended to underestimate precipitation maxima associated
with orographic features relative to CHIRPS and GPCC. Additionally, the native MME
overestimated R10mm (R20mm) in northern Southern Africa and the northern and central
highlands of Madagascar, with values exceeding 42 (9) days compared with approximately
36 (8) days in the gridded observations. Conversely, some of the bias-corrected models
underestimated R10mm (R20mm) in these regions, with values below 30 (6) days com-
pared with approximately 36 (8) days in the gridded observations. The overestimation
and underestimation of RR1 and R10mm (R20mm) precipitation days in these regions may
be attributed to the well-known inadequacies of the MME of CMIP6 models in accurately
representing complex orographic processes. This issue persisted across all native MMEs,
and similar biases in simulating extreme wet and dry precipitation over topographically
complex regions have been reported in previous studies [27,44].

Figure 3. Climatological (1982–2014) spatial distribution of December-January-February (DJF)
RR1 (top row), R10mm (middle row), and R20mm (bottom row): (a,h,o) CHIRPS, (b,i,p) GPCC,
(c,j,q) MSWEP, (d,k,r) multi-model ensemble (MME) of native simulations, (e,l,s) MME of QDM95,
(f,m,t) MME of QDM, and (g,n,u) MME of SDM.

3.1.3. Maximum One-Day Precipitation (RX1day), Simple Daily Precipitation Intensity
(SDII), and Extremely Wet Days (R95p)

Figure 4a–n illustrates the highest one-day maximum precipitation (RX1day) and the
simple daily intensity index (SDII) based on the multi-model ensemble mean over Southern
Africa. These two indices exhibited similar spatial distributions but differed in magnitude.
Both were generally characterized by high values over northern and eastern Southern
Africa and Madagascar, with lower values over the drier western parts of the southern
Africa regions.
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Figure 4. The same as Figure 3, but for Rx1day (top row), SDII (middle row), and R95p (bottom row).

Figure 4a–c shows the spatial distribution of RX1day precipitation as observed in
CHIRPS, GPCC, and MSWEP, respectively. Notable similarities can be observed, particu-
larly in the areas with the lowest RX1day values (less than 30 mm) across Namibia, western
South Africa, and western Botswana. However, the datasets showed differences in the total
recorded amounts. GPCC (Figure 4b) showed higher RX1day values exceeding 75 mm over
Zambia, Malawi, northern and central Mozambique, northeastern Angola, and northern
and central Madagascar. In contrast, MSWEP (Figure 4c) and CHIRPS (Figure 4a) exhibited
lower RX1day values, with amounts generally under 60 mm in the same regions. Moder-
ate RX1day values (30–75 mm) were generally observed across Angola and northeastern
Southern Africa, with maxima exceeding 90 mm concentrated in northern and central
Mozambique and eastern Madagascar (Figure 4b). This spatial pattern reflects the influence
of moisture-laden air masses originating from the Indian Ocean [54]. Furthermore, the
ITCZ plays a crucial role in shaping precipitation patterns across eastern and northern
Southern Africa [50,51,67]. During the austral summer, the southward shift of the ITCZ
contributes to increased rainfall in these regions.

The native GCM (Figure 4d) overestimated the RX1day values in most of Southern
Africa, particularly in the southern and eastern regions and Madagascar. This is evi-
dent when comparing the GCM’s spatial extent and intensity to observational datasets
(Figure 4a–c), which often showed fewer areas with low RX1day values. After applying
bias correction techniques, we significantly reduced these overestimations in many regions,
such as northern and eastern Southern Africa, coastal Angola, the Lesotho Highlands,
Eswatini, northern Mozambique, and Madagascar (Figure 4e–g).

The spatial distribution of SDII, shown in Figure 4h–j, revealed higher values in north-
ern and eastern Southern Africa and Madagascar, with lower values in the drier western
regions. Notably, GPCC (Figure 4i) exhibited higher SDII values than CHIRPS (Figure 4h)
and MSWEP (Figure 4j), particularly in regions with frequent heavy precipitation, including
coastal Angola, Zambia, Zimbabwe, northern and central Mozambique, and Madagascar.
This highlights the variability in precipitation intensity and frequency across the region.

The native GCM (Figure 4k) underestimated the SDII values relative to GPCC
(Figure 4i), particularly in the eastern and southern regions, where the native GCM simu-
lated low precipitation intensity. This underestimation was notably improved after bias
correction (Figure 4l–n), especially in northern and eastern Southern Africa, coastal Angola,
and Madagascar. However, despite these improvements, some underestimation persisted
in these regions relative to GPCC.
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Furthermore, observational data from CHIRPS, GPCC, and MSWEP (Figure 4o–q),
as well as from the native model (Figure 4r) and the three bias-corrected techniques
(Figure 4s–u), revealed distinct spatial patterns in R95p precipitation. CHIRPS (Figure 4o)
showed high R95p precipitation values along the eastern coastlines and Madagascar, peak-
ing at 60 mm. In contrast, dry regions such as the Kalahari Desert, the adjoining areas of
eastern Namibia and western Botswana, and parts of western South Africa experienced
significantly lower R95p precipitation levels. GPCC (Figure 4p) exhibited a similar pattern,
with slightly higher R95p values observed in the central regions of Southern Africa relative
to CHIRPS. MSWEP (Figure 4q) generally showed lower R95p values, but the maxima
were still concentrated along the eastern coastlines and Madagascar. These differences in
magnitude between the three observations resulted from variations in methodology and
horizontal resolution used to calibrate the precipitation intensities. Similar discrepancies
have been reported in previous studies when comparing observational datasets, where
differences in data sources, interpolation methods, and spatial resolution influenced the
recorded precipitation intensities [16]. While our study used different datasets, our findings
align with the previous study that highlighted how observational uncertainties contribute
to variations in extreme precipitation indices such as R95p.

Significant differences were observed when comparing the multi-model ensemble
(MME) means with the observational data, particularly between the results from native
global climate models (GCMs) and those after bias correction in terms of the magnitude
and spatial distribution of R95p. The native GCM results (Figure 4r) displayed considerable
discrepancies with the observed datasets (Figure 4o,q), especially in regions such as the
Lesotho Highlands, eastern Angola, and the northern and eastern parts of Southern Africa,
including Madagascar. In these areas, discrepancies were noted where R95p values ranged
from 24 to 32 mm. However, after employing bias correction techniques—namely QDM95,
QDM, and SDM—the native GCM results were adjusted to correspond more closely with
the observations, effectively reducing systematic biases. These corrections significantly
enhanced the accuracy of the MME from the CMIP6 models, resulting in a more realistic
representation of the observed spatial patterns of R95p. Notable improvements were
particularly visible in regions such as Lesotho, Eswatini, coastal Angola, northern and
central Southern Africa, and Madagascar, where the spatial distribution and magnitude of
R95p better aligned with the CHIRPS (Figure 4o) and MSWEP (Figure 4q) datasets.

3.2. Performance of Bias-Corrected and Native MME of CMIP6 GCMs in Simulating Extreme
Precipitation Observed by CHIRPS, GPCC, and MSWEP
3.2.1. Geographical Distribution of Biases

Figures 5–8 present the spatial distribution of climatological biases for CDD, CWD,
RR1, and Rx1day from native GCM ensemble and bias-corrected ensembles (QDM95,
QDM, and SDM) relative to the observational datasets (CHIRPS, GPCC, and MSWEP).
The native GCM MME (Figure 5a,e,i) exhibited significant underestimations of the
CDD across most of Southern Africa, with biases ranging from −5 to −25 days, while
overestimations were observed in coastal Angola (relative to CHIRPS and GPCC) and
northern Mozambique and Madagascar (relative to MSWEP), with deviations of up
to 5 days. These patterns were largely consistent across all three datasets, differing
slightly in magnitude. After implementing bias correction techniques, substantial re-
ductions in CDD biases were observed across the study region. For instance, the bias-
corrected MME for CHIRPS (Figure 5b–d) reduced biases to a range from approxi-
mately −5 to +5 days, while corrections for GPCC (Figure 5f–h) and MSWEP (Figure 5j–l)
reduced biases to a range from −10 to +10 days. Overall, the bias correction tech-
niques significantly reduced the large deviations observed in the native GCM MME
(Figure 5a,e,i), demonstrating improved alignment with observational datasets across most
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Southern Africa. Similarly, the native GCM MME significantly overestimated the CWD
(Figure 6a,e,i) and RR1 (Figure 7a,e,i) across Southern Africa relative to CHIRPS, GPCC, and
MSWEP. Specifically, relative to CHIRPS and GPCC, it overestimated the CWD by amounts
exceeding 20 days in regions such as the northern parts of Southern Africa, the Lesotho
Highlands, and Madagascar. In contrast, overestimations were observed throughout much
of Southern Africa, with biases ranging from 0 to +15 days relative to MSWEP.

Figure 5. The climatological biases of the multi-model ensemble (MME) in simulating CDD (days)
relative to CHIRPS (top row), GPCC (middle row), and MSWEP (bottom row): (a,e,i) Raw-GCM
(native), (b,f,j) QDM95, (c,g,k) QDM, and (d,h,l) SDM.

Following the implementation of bias correction techniques, biases were notably re-
duced, particularly in northern Southern Africa, the Lesotho Highlands, and Madagascar.
Among these techniques, SDM (Figure 6d,h,i) demonstrated the most substantial improve-
ment, followed by QDM95 and QDM. Relative to CHIRPS and GPCC, all bias-corrected
techniques reduced positive biases in these regions from up to +25 days to a range from
0 to +10 days. Similarly, negative biases in the southern regions were reduced, shrinking to
range between −5 and 0 days. However, compared with MSWEP, all three bias-corrected
techniques had a tendency for underestimation. This was expected, since MSWEP is a
blended precipitation product that combines satellite and gauge observations, as well as a
reanalysis model. Therefore, in areas where observation was lacking, the reanalysis model
caused the prediction to suffer from similar model bias.

The MME of both the bias-corrected and native models revealed significant spatial
heterogeneity in R10mm (figure not shown here). The MME of the native models un-
derestimated R10mm (ranging from 0 to −10 days) over coastal regions such as Angola,
Mozambique, and Madagascar relative to CHIRPS. Conversely, it overestimated R10mm
(>+5 days) in central and northern Southern Africa, the Lesotho Highlands, and western
and central Madagascar relative to GPCC and MSWEP. This result aligns with the findings
of Faye and Akinsanola [47] in West Africa and Rabezanahary et al. [44] in Madagascar,
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both of whom suggested that CMIP6 models tend to overestimate R10mm in mountain
regions (the Lesotho Highlands and the central highlands of Madagascar).

Figure 6. Same as Figure 5 but for CWD (days).

Figure 7. Same as Figure 5 but for RR1 (days).

After applying bias correction (QDM95, QDM, and SDM), both overestimation and un-
derestimation biases were reduced across most regions, with biases falling within the range
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from −5 to +5 days. This finding is consistent with Sian et al. [27], who reported a signifi-
cant reduction in R10MM biases in native CMIP6 models from an underestimation of up to
−45 days to less than 2 days when using the QDM bias correction technique. Therefore, the
robustness of the bias-corrected results is evident, with most spatial distributions showing
significant improvement.

Figure 8. Same as Figure 5 but for Rx1day (mm).

The MMEs of both bias-corrected and native models showed significant spatial varia-
tion in R20mm over Southern Africa, with notable biases relative to CHIRPS, GPCC, and
MSWEP (figure not shown here). The native models exhibited underestimations from −10
to 0 days in northern Zambia, Mozambique, southern South Africa, and Madagascar rela-
tive to CHIRPS, while bias correction, particularly SDM, reduced these biases to within a
range from −2 to +4 days. Relative to GPCC, the native models showed an underestimation
of R20mm precipitation over coastal Angola, Zambia, northern Zimbabwe, Mozambique,
and Madagascar, with bias values ranging from −8 to −2 days. Conversely, they overesti-
mated R20mm precipitation over Namibia, Botswana, South Africa, the Lesotho Highlands,
southern Mozambique, and southern Madagascar, with biases ranging from 0 to +4 days.
After applying bias correction techniques, these overestimations and underestimations im-
proved significantly, with the most substantial improvements observed using the QDM95
bias correction technique. Similarly, relative to MSWEP, the native models overestimated
R20mm across most of Southern Africa, except in Mozambique and Madagascar. After
applying bias correction, QDM effectively reduced these overestimations within a range
from −2 to +2 days. Overall, the performance of bias correction techniques depends on
the observational dataset. SDM performed best with CHIRPS, QDM95 performed best
with GPCC, and QDM performed best with MSWEP, with each significantly improving the
R20mm precipitation estimates. This underscores the importance of choosing suitable bias
correction techniques and reference datasets.

Overall, the results from the native CMIP6 models in this study are consistent with
previous research conducted across Africa. For instance, Ayugi et al. [63] found that CMIP6
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GCMs tend to underestimate CDD and R20mm in East Africa, a pattern also observed
in other parts of the continent. Similarly, Chen et al. [68] and Rabezanahary et al. [44]
suggested that this underestimation may be partly due to the model resolution, which
affects how precipitation extremes are simulated. While these studies highlighted persistent
biases in CMIP6 models, the present research advances previous work by applying bias
correction techniques (QDM95, QDM, and SDM) to improve the simulation of extreme
precipitation indices. The results demonstrate that bias correction significantly reduced
errors in CDD, CWD, RR1, R10mm, and R20mm, enhancing the reliability of climate
projections for Southern Africa. The main contribution of this lies in demonstrating how
bias correction can effectively minimize biases, offering a more accurate representation
of extreme precipitation patterns in the region, and the variation in the improvement or
representativeness of the extremes as a function of the bias correction techniques and
reference data used in the bias correction.

3.2.2. Region-Wide Aggregated Performance of CMIP6 Models

Heat maps are important tools for assessing and summarizing the performance of indi-
vidual models in representing extreme precipitation characteristics relative to the reference
datasets [43,44,65]. Figures 9 and 10 show heat maps for eight extreme precipitation indices,
highlighting the RMSE and MB of both native and bias-corrected models, along with their
multi-model ensembles (MMEs), averaged across the entire study. These evaluations used
CHIRPS, GPCC, and MSWEP as reference datasets. The MB and RMSE values exhibited
variation as a function of the reference dataset, the extreme precipitation index, the models
assessed, and the bias correction techniques applied.

Figure 9a illustrates that most native CMIP6 models overestimated indices such as
CWD, RR1, R10mm, R20mm, and Rx1day, resulting in positive mean biases (MB > 0).
For R20mm, only INM-CM4, MPI-ESM1, and TaiESM1 exhibited negative biases of −0.19,
−0.69, and −0.14, respectively. Conversely, all models and their MMEs underestimated
CDD and SDII, except for MPI-ESM in the case of CDD and MRI-ESM2 in the case of SDII,
which displayed positive biases. R95p showed a mix of over- and underestimations. For
example, RR1 ranged from a significant overestimation of 7.8 days (MPI-ESM1) to 28.5 days
(INM-CM5), while CWD ranged from 4.15 days (NorESM2) to 20.80 days (INM-CM4).
Rx1day ranged from an underestimation of −3.38 mm (MPI-ESM1) to an overestimation
of 18.16 mm (INM-CM5). These inconsistencies underscore the difficulty of native GCMs
in accurately simulating RR1, CWD, Rx1day, and R95p (Figure 9a). After bias correction,
the models generally underestimated most indices, particularly with the SDM technique.
Nonetheless, significant reductions in biases were achieved for all extreme indices when
using QDM95, QDM, and SDM, as shown in Figure 9b–d. For instance, the RR1 bias
was reduced to a range from 0.33 days (TaiESM1) to 2.51 days (INM-CM4) for QDM95
(Figure 9b), from 0.22 days (Earth3) to −2.27 days (INM-CM5) for QDM (Figure 9c), and
from −1.25 days (MRI-ESM2) to −2.97 days (INM-CM4) for SDM (Figure 9d).

Relative to GPCC, the native models exhibited large negative biases for CDD, RX1day,
SDII, and R95p, while showing positive biases for CWD, RR1, and R10mm and mixed
biases for R20mm (Figure 9e). After bias correction, CDD, CWD, R10mm, and RR1 showed
notable improvement across all techniques (QDM, QDM95, and SDM). However, RX1day
and R95p showed limited improvement, highlighting the challenges in correcting biases
associated with extreme precipitation events (Figure 9f–h). For SDII, QDM95 demonstrated
improvement, whereas QDM and SDM did not. Mixed biases persisted for R20mm after
correction. These findings suggest that bias correction techniques can effectively address
certain biases, particularly for indices like CDD and CWD, while showing varying perfor-
mance for indices related to extremes and intensity, with QDM95 showing some potential
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for SDII. The limited improvement observed for RX1day and R95p might point to a funda-
mental constraint in quantile distribution methods: the assumption of stationarity. These
methods presume that the statistical link between observed and modeled precipitation
stays consistent over time. However, extreme precipitation events are frequently impacted
by non-stationary factors, such as global warming or changes in land use, which can alter
the frequency, intensity, or distribution of extremes, even within the historical period. While
correcting spatial precipitation patterns is vital for accurate regional representation, it might
not fully account for these evolving influences. As reported previously (e.g., [69–74]), non-
stationary quantile mapping (NS-QM) offers a way to address this challange by allowing
the statistical characteristics of extreme precipitation to change over time or with relevant
influencing factors.

Figure 9. Heat maps of the mean bias (MB) of each extreme precipitation induced for 11 CMIP6
models and their multi-model ensembles (MMEs) of both native and bias-corrected datasets over
Southern Africa, using CHIRPS (top row), GPCC (middle row), and MSWEP (bottom row) as
reference datasets.

Furthermore, the native GCM models generally overestimated the precipitation ex-
tremes relative to MSWEP. Most indices, particularly CWD, RR1, R10mm, R20mm, Rx1day,
and SDII, exhibited a clear positive bias. For example, INM-CM5 showed the highest
positive bias for CWD (14.40 days), RR1 (20.09 days), and RX1day (16.11 mm). While
some indices, such as CDD, showed slight underestimations, these were less consistent
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across the models. Moreover, R95p demonstrated mixed biases; many models slightly
overestimated it, while some models (e.g., CMCC-CM2-SR4, CMCC-ESM2, INM-CM4,
MPI-ESM1, and TaiESM1) underestimated it. Conversely, CMESM2, Earth3, Earth3-Veg,
INM-CM5, MRI-ESM2, NorESM2, and MME tended to overestimate R95p, with biases
greater than zero (Figure 9i). QDM95 moderately reduced the positive biases observed in
native GCM for most indices. For example, it significantly minimized the biases in Rx1day,
with many models showing slightly negative values. Similarly, substantial improvements
were observed in CWD, RR1, R10mm, R20mm, SDII, and R95p. However, QDM95 strug-
gled to fully address both dry and wet biases in the precipitation extremes, except for
RX1day relative to MSWEP (Figure 9j). The QDM technique consistently reduced the mean
bias for most extreme precipitation values across evaluated models. This improvement
indicates that QDM effectively minimized both the lower and higher values of the precipi-
tation distribution, aligning model results more closely with the observed extremes relative
to MSWEP (Figure 9k). In contrast, the SDM technique showed mixed results. While it
reduced the mean bias for extreme precipitation in some models, it retained the mean bias
in others, highlighting its sensitivity to individual model characteristics and their specific
extreme precipitation distributions (Figure 9l).

Figure 10. The same as Figure 9 but for the root mean square error (RMSE).

Most of the CMIP6 models and their MMEs exhibited substantial discrepancies rel-
ative to CHIRPS, GPCC, and MSWEP, as evidenced by high RMSE values ranging from
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0 to 22 days (Figure 10a,e,i). However, after applying three bias correction techniques, the
RMSE values were significantly reduced to less than 8 days relative to CHIRPS. While in-
dices like RX1day and R95p still showed relatively higher RMSEs, most other indices exhib-
ited significantly reduced RMSE values between 0 and 8 days relative to GPCC and MSWEP.
The improvement was particularly pronounced for CHIRPS, where all three bias correction
techniques demonstrated significant reductions in RMSE, especially for extreme indices
such as CWD, RR1, and RX1day. For instance, QDM95 reduced the RMSE for Rx1day from
18.61 mm (native GCM) to 5.08 mm, while QDM and SDM lowered it to 4.02 mm and
6.34 mm, respectively. Similarly, all three techniques performed effectively for indices
such as CWD and RR1, indicating their ability to accurately capture extreme precipitation
patterns. However, it is important to note that CHIRPS does not have independent data,
since they were used in the bias correction.

Figures 11 and 12 illustrate bar plots of the regional-averaged pattern correlation (PCC)
and Taylor skill scores (TSSs) for the native and corrected CMIP6 models, including their
multi-model ensemble (MME), across all extreme precipitation indices. Comparisons are
presented for three observational datasets: CHIRPS (first column), GPCC (second column),
and MSWEP (third column). The PCC and TSS values varied depending on the reference
data, index, and each bias-corrected technique.

Relative to CHIRPS, the indices CDD (excluding INM-CM4, INM-CM5, and MPI-
ESM1), CWD, RR1, R10mm, R20mm, Rx1day, SDII, and R95p demonstrated significant
improvement in the performance of CMIP6 models and their MME in reproducing extreme
precipitation spatial patterns over Southern Africa (Figure 11, first column). Notably,
for most extreme indices, the SDM bias correction technique substantially enhanced the
ability of CMIP6 models and their MME to replicate these extreme precipitation spatial
patterns relative to CHIRPS. Pattern correlation increased from 0.31 (R20mm)–0.94 (CWD)
in the native models to 0.81 (CDD)–0.98 (SDII) after applying the SDM bias correction
technique (Figure 11, first column, green bar). Similar improvements were observed with
the QDM and QDM95 techniques, with correlation increasing to 0.81 (CDD) and 0.98 (SDII)
(Figure 11a,s, blue and red bars) and 0.71 (R20mm) and 0.97 (RR1) (Figure 11g,m, blue
and red bars), respectively. The improvements in CWD, SDII, and R95p precipitation are
evident from the TSS, which increased significantly after bias correction. For QDM95, the
TSS values ranged from 0.61 to 0.89, while for QDM, they ranged from 0.62 to 0.95, and for
SDM, the range was from 0.71 to 0.96, compared with the 0.09–0.6 range observed in the
native results (Figure 11d,s,v, black bar). Similarly, substantial enhancements were observed
in CDD, RR1, R10mm, R20mm, and RX1day, with TSS values improving to 0.49–0.95 for
QDM95, 0.46–0.96 for QDM, and 0.81–0.97 for SDM, compared with the native CMIP6
models, which had TSS values of 0.12–0.86 (Figure 12, first column).

Similarly, relative to GPCC, bias correction techniques significantly enhanced both
the PCC and TSS of extreme precipitation indices, demonstrating their effectiveness in im-
proving model performance (Figures 11 and 12, second column). SDM produced the most
notable improvements, especially for R20mm, where the PCC increased from 0.47 to 0.97,
highlighting its proficiency in accurately representing heavy precipitation events. Similarly,
the PCC for R95p rose from 0.31 to 0.81, while CWD, CDD, R1mm, and R10mm each
achieved a PCC of 0.98 under SDM. These improvements were also evident in the TSS,
with CWD’s TSS increasing from 0.19 to 0.79 under SDM, further validating its ability
to simulate extreme precipitation. The TSSs for most models reached values above 0.90
(Figure 12, second column). Overall, the best bias correction technique varied across each
extreme and each CMIP6 GCM model relative to GPCC (Figure 12, second column).



Climate 2025, 13, 93 19 of 30

Figure 11. Pattern correlation coefficient (PCC) for (a–c) consecutive dry days (CDD), (d–f) con-
secutive wet days (CWD), (g–i) total rain days (RR1), (j–l) heavy precipitation days (R10mm),
(m–o) extremely heavy precipitation days (R20mm), (p–r) maximum one-day precipitation (RX1day),
(s–u) simple daily intensity index (SDII), and (v–x) extremely wet days (R95p) relative to CHIRPS
(first column), GPCC (second column), and MSWEP (third column).
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Figure 12. The same as Figure 11 but for Taylor skill scores (TSSs).
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Additionally, we evaluated the correlation coefficients between different precipitation
indices (RR1, CDD, R10mm, CWD, RX1day, SDII, R20mm, and R95) and MSWEP (Figure 11,
third column). The three bias correction techniques (QDM95, QDM, and SDM) significantly
improved these correlations compared with the native GCM results. The native models
exhibited lower correlations, especially for extreme indices such as the SDII (Figure 11u,
black bar) and R95 (Figure 11x, black bar), typically being below 0.8. The application of
QDM95, QDM, and SDM consistently increased correlation coefficients above 0.9 for the
SDII (Figure 11u, blue, red, and green bars) and R95 (Figure 11x, blue, red, and green bars).
All models showed significant improvements following bias correction for other extreme
indices (R10mm, RX1day, and R20mm). However, for indices like CDD and RR1, the
extent of improvement varied across models and bias correction techniques. While some
models exhibited substantial enhancements, others showed more limited improvements,
highlighting the variable effectiveness of bias correction for different extreme precipitation
characteristics. Aside from this, all three bias correction techniques consistently improved
the TSS values compared with the native GCM outputs for all precipitation indices relative
to MSWEP. The TSS values for extreme indices such as SDII and R95 increased significantly,
with all corrected models showing values above 0.8. These improvements were observed
across the majority of the indices, demonstrating the effectiveness of bias correction in
refining extreme precipitation simulations (Figure 12, third column).

3.2.3. Ranking of CMIP6 Models

Table 2 presents the performance and ranking of native (bias-uncorrected) and bias-
corrected CMIP6 GCMs, along with their MME, in simulating all eight extreme precipitation
indices across Southern Africa. Our analysis highlights the critical influence of reference
data and bias correction techniques on model performance. Models were ranked based on
their ability to accurately simulate extreme precipitation, as measured by the CRI values
(Table 2). The CRI metric, which reflects this performance, varied substantially. The native
GCMs, such as INM-CM4 and MPI-ESM1, exhibited the lowest CRI values (0.01–0.02) and
were ranked last, while the bias-corrected models, such as Earth3-Veg, Earth3, and the
MME, achieved the highest CRI values (0.96–0.98), ranking first when evaluated relative to
the CHIRPS, GPCC, and MSWEP reference datasets.

Under the SDM bias correction technique, Earth3-Veg achieved the highest CRI of
0.98 relative to CHIRPS, ranking first. It was closely followed by Earth3 and the multi-
model ensemble (MME), each with a CRI of 0.95, securing second place. MPI-ESM1
ranked 3rd with a CRI of 0.92, while MRI-ESM2 (0.88), TaiESM1 (0.82), CM2-SR4 (0.80),
NorESM2 (0.79), and CMCC-ESM2 (0.76) secured the 5th, 7th, 8th, 9th, and 10th positions,
respectively. For the QDM bias correction, the rankings changed relative to CHIRPS.
Earth3-Veg (0.84) dropped to 6th, Earth3 (0.79) dropped to 9th, and MME (0.90) ranked
4th, while CM2-SR4 and CMCC-ESM2 retained their 8th and 10th positions, respectively.
Similarly, relative to the GPCC observations, under the QDM95 bias correction technique,
Earth3 and the MME exhibited the highest CRI of 0.96, sharing the top rank. Earth3-
Veg followed closely with a CRI of 0.95, ranking second, while MRI-ESM2 achieved a
CRI of 0.83, ranking third. CESM2 (0.78) ranked 5th, with NorESM2 (0.74) and INM-
CM5 (0.67) ranked 6th and 10th, respectively. Under the SDM bias correction techniques,
Earth3 ranked fourth (CRI 0.79), Earth3-Veg ranked seventh (CRI 0.72), and MRI-ESM2
ranked ninth (CRI 0.70). The MME achieved a CRI of 0.64, ranking 11th. NorESM2 also
ranked seventh (CRI 0.72) under the QDM bias correction technique. Furthermore, under
the QDM95 bias correction technique, Earth3-Veg (0.97) ranked as the top-performing
model relative to the MSWEP reference data, followed closely by Earth3 (0.92) in second
place and TaiESM1 (0.86) in third. Meanwhile, MRI-ESM2 (0.85) secured a strong fourth



Climate 2025, 13, 93 22 of 30

position, whereas the MME (0.83) ranked fifth. Additionally, MPI-ESM1 (0.80) and CMCC-
ESM2 (0.76) occupied the seventh and eighth positions, respectively. Conversely, under
the QDM bias correction technique, MRI-ESM2 (0.97) secured the first rank relative to
MSWEP, while Earth3-Veg (0.81) and Earth3 (0.80) followed in sixth and seventh place,
respectively. Moreover, the MME (0.73) was ranked 9th, and NorESM2 (0.71) secured 10th
place. These results underscore the differential impact of bias correction techniques across
various CMIP6 GCM models when benchmarked against the CHIRPS, GPCC, and MSWEP
reference datasets.

These results indicate that bias correction techniques improved the simulation of
extreme precipitation indices compared with native models. However, the degree of im-
provement and the best-performing technique varied across the models and reference
datasets. Earth3, Earth3-Veg, and MME consistently outperformed other models across the
bias correction techniques, highlighting their reliability in simulating extreme precipita-
tion. Likewise, MPI-ESM1, MRI-ESM2, and CMCC-ESM2 exhibited moderate performance
across all three techniques, reinforcing their ability to capture extreme precipitation pat-
terns. This is partly because climate models with higher resolutions generally exhibit
improved accuracy in replicating observed extreme precipitation than those with coarser
resolutions [65,75]. Nevertheless, Jima et al. [76] found that a higher resolution does not
always guarantee better performance. In contrast, the performance of CESM2, CM2-SR5,
NorESM2, and TaiESM1 fluctuated, demonstrating that bias correction did not always
yield the best results across all metrics and datasets. While QDM95 and SDM offered
notable improvements, the most effective technique depended on the specific model and
reference dataset. However, some models, such as INM-CM4 and INM-CM5, consistently
underperformed both before and after bias correction, highlighting inherent limitations in
their ability to simulate extreme precipitation accurately. This finding aligns with previ-
ous research [44,77,78], which reported similar performance issues with lower-resolution
models, suggesting a fundamental challenge in capturing extreme precipitation.

Our results highlight the influence of reference datasets on bias correction results,
as different models responded variably to bias correction techniques. This aligns with
previous studies [28,79–81], which emphasized the role of observational uncertainties in
bias correction performance. Additionally, model rankings and performance assessments
shifted depending on the chosen reference dataset, as observed in comparisons between
CHIRPS and MSWEP [28]. This underscores the necessity of incorporating multiple ob-
servational datasets to enhance the robustness of extreme climate model simulations and
reduce uncertainties in extreme precipitation projections. Furthermore, our findings demon-
strate that the MME, Earth3, and Earth3-Veg models generally outperformed individual
models. However, no single model was consistently ranked the best across all bias cor-
rection techniques relative to CHIRPS, GPCC, and MSWEP. This challenge of identifying
a clear top-performing model has been reported in studies on Brazil, Madagascar, and
sub-Saharan Africa [28,44,82]. While MMEs often outperform individual models due to the
averaging of structural and parametric uncertainties [83,84], their relative performance can
fluctuate based on (1) the characteristics of the reference dataset, (2) how bias correction
modifies inter-model variability, and (3) the nonlinear interactions between model spread
and ensemble averaging [85]. Moreover, the observed variation in CRI rankings indicates
that bias correction techniques did not uniformly benefit all models. Techniques such as
QDM, QDM95, and SDM have differing assumptions about the preservation of quantiles,
distributional shape, and trends [86–88]. Some techniques, like SDM, may overly constrain
interannual variability, while others like QDM95 may better preserve the distribution tails,
influencing how well specific models reproduce observed patterns. Finally, the choice of ob-
servational reference (CHIRPS, GPCC, or MSWEP) also affects CRI rankings due to inherent
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differences in their gauge densities, blending techniques, and temporal coverage [35,36,38].
These observational uncertainties further contribute to the observed variability in model
performance and ensemble skill across different configurations.

Table 2. Comprehensive ranking index (CRI) of native and bias-corrected CMIP6 GCMs for simulating
extreme precipitation over Southern Africa relative to CHIRPS, GPCC, and MSWEP for the period of
1982–2014.

Model Bias Correction
CHIRPS GPCC MSWEP

CRI Rank CRI Rank CRI Rank

CESM2

Native GCM 0.15 34 0.48 21 0.32 28

QDM95 0.34 26 0.78 5 0.55 16

QDM 0.64 16 0.54 17 0.50 19

SDM 0.72 11 0.51 20 0.48 21

CM2-SR5

Native GCM 0.14 35 0.03 35 0.13 36

QDM95 0.40 24 0.56 16 0.68 11

QDM 0.49 21 0.28 25 0.64 13

SDM 0.80 8 0.53 18 0.34 26

CMCC-ESM2

Native GCM 0.09 37 0.09 34 0.05 37

QDM95 0.36 25 0.71 8 0.76 8

QDM 0.52 17 0.19 31 0.51 18

SDM 0.76 10 0.56 16 0.40 14

Earth3

Native GCM 0.15 34 0.15 32 0.16 34

QDM95 0.47 23 0.96 1 0.92 2

QDM 0.79 9 0.45 23 0.80 7

SDM 0.95 2 0.79 4 0.54 17

Earth3-Veg

Native GCM 0.11 32 0.10 33 0.14 35

QDM95 0.52 19 0.95 2 0.97 1

QDM 0.84 6 0.48 21 0.81 6

SDM 0.98 1 0.72 7 0.47 22

INM-CM4

Native GCM 0.01 40 0.23 29 0.03 38

QDM95 0.26 29 0.64 11 0.32 28

QDM 0.31 27 0.22 30 0.25 32

SDM 0.47 23 0.34 24 0.43 24

INM-CM5

Native GCM 0.02 39 0.23 29 0.01 39

QDM95 0.24 30 0.67 10 0.30 30

QDM 0.29 28 0.26 26 0.21 33

SDM 0.49 21 0.48 21 0.41 25



Climate 2025, 13, 93 24 of 30

Table 2. Cont.

Model Bias Correction
CHIRPS GPCC MSWEP

CRI Rank CRI Rank CRI Rank

MPI-ESM1

Native GCM 0.01 40 0.02 36 0.14 35

QDM95 0.55 18 0.63 12 0.80 7

QDM 0.68 13 0.15 32 0.59 14

SDM 0.92 3 0.58 14 0.49 20

MRI-ESM2

Native GCM 0.07 38 0.25 27 0.21 25

QDM95 0.36 25 0.83 3 0.85 4

QDM 0.63 17 0.60 13 0.97 1

SDM 0.88 5 0.70 9 0.45 23

NorESM2

Native GCM 0.23 31 0.58 14 0.58 15

QDM95 0.48 22 0.74 6 0.65 12

QDM 0.70 12 0.71 8 0.71 10

SDM 0.79 7 0.52 19 0.33 27

TaiESM1

Native GCM 0.19 30 0.04 33 0.26 31

QDM95 0.51 20 0.83 3 0.86 3

QDM 0.65 15 0.24 28 0.66 12

SDM 0.82 7 0.47 22 0.31 29

MME

Native GCM 0.21 32 0.51 18 0.49 20

QDM95 0.66 14 0.96 1 0.83 5

QDM 0.90 4 0.57 15 0.73 9

SDM 0.95 2 0.64 11 0.45 23

4. Conclusions
Extreme climate events are becoming more frequent and intense, posing considerable

hazards to important sectors around the world. Addressing these challenges requires
understanding the spatial characteristics of extreme climate events and regional climate
responses. Accurate simulation of extreme precipitation is crucial for managing climate-
sensitive sectors in Southern Africa, such as water resources, agriculture, and infrastructure.
However, global climate models often fail to capture these events accurately, limiting their
practical application. Bias correction techniques are crucial in enhancing the accuracy of
extreme climate simulations. This research explored the potential of three bias correction
techniques, namely quantile distribution mapping (QDM), separate quantile distribution
mapping for precipitation equal to or less than the 95th percentile and greater than the 95th
percentile (QDM95), and scaled distribution mapping (SDM), to enhance the simulation of
extreme precipitation in Southern Africa using 11 CMIP6 models.

The findings demonstrate that there were notable differences in the amount and
geographical distribution of extreme precipitation in the MME of native CMIP6 GCM
outputs, especially over complex terrains and high-altitude regions. However, bias correc-
tion techniques reduced these biases. The MME of native CMIP6 GCM models typically
underestimated the CDD and overestimated the CWD. Bias correction largely reduced
these errors, though some overestimation of CWD and underestimation of CDD persisted.
Similarly, the MME of raw CMIP6 GCM models overestimated RR1, R10mm, and R20mm,
particularly in Madagascar and northern Southern Africa. Bias correction significantly
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reduced the magnitude of overestimation in these precipitation indices, resulting in better
agreement with the three observed datasets. After bias correction, extreme precipitation
indices, such as RX1day, SDII, and R95p, exhibited improved spatial patterns. However,
regional variations persisted, which were largely influenced by topographic characteristics.
These variations were evident relative to CHIRPS, GPCC, and MSWEP.

Furthermore, this study demonstrated the impact of bias correction using various
performance metrics, including MB, RMSE, PCC, and TSS, for precipitation indices such
as R20mm, SDII, CWD, R95p, RR1, Rx1day, R10mm, and CDD. The native CMIP6 models
exhibited systematic biases, with large positive biases for CWD, RR1, and R10mm and
negative biases for Rx1day, SDII, and R95p, especially relative to GPCC, except for some
models. Similarly, the native models showed significant negative biases for CDD, Rx1day,
SDII, and R95p and positive biases for CWD, RR1, and R10mm relative to CHIRPS. For
MSWEP, most indices were overestimated, with INM-CM5 showing the largest bias. The
CMIP6 models and their MMEs exhibited substantial differences relative to observational
datasets such as CHIRPS, GPCC, and MSWEP, as indicated by high RMSE values. After
applying the three bias correction techniques (QDM, QDM95, and SDM), both the MB and
RMSE values were significantly reduced for all extreme indices relative to CHIRPS. Relative
to GPCC, the errors for all indices, except Rx1day and R95p, were reduced. The lack of
error reduction for Rx1day and R95p might be due to factors related to coarse resolution or
the specific characteristics of these indices that GPCC may not fully capture. Additionally,
relative to MSWEP, the highest values for the MB and RMSE for CWD and RR1 did not
decrease for any of the bias correction techniques. This could be because MSWEP was
obtained from the integration of satellite, ground observations, and reanalysis datasets.

Pattern correlation (PCC) for extreme precipitation indices (R20mm, Rx1day, SDII,
R10mm, CDD, RR1, R95p, and CWD) showed substantial improvement relative to CHIRPS.
SDM yielded the most significant gains, increasing the PCC from 0.31–0.94 in the native
models to 0.81–0.98 post-correction. QDM and QDM95 also demonstrated notable improve-
ments, with PCC values generally exceeding 0.8 after bias correction. Similarly, the TSS
values improved, particularly for SDM, reaching from 0.71 to 0.96. Relative to GPCC and
MSWEP, the PCC exceeded 0.8 for most indices. However, the degree of improvement var-
ied across indices and models. While bias correction generally increased the PCC and TSSs
for extreme indices relative to CHIRPS, GPCC, and MSWEP, CWD showed no significant
increments in PCC or TSS relative to MSWEP.

The ranking of native and bias-corrected CMIP6 models in simulating all eight extreme
precipitation indices was strongly influenced by the choice of bias correction technique
and reference dataset. When CHIRPS was used as a reference, Earth3-Veg performed best
under the SDM bias correction technique. However, under QDM95, this model ranked
first with MSWEP as the reference and second with GPCC. Similarly, when MSWEP was
used as a reference, Earth3-Veg and MRI-ESM2 were the top-performing models under
QDM95 and QDM, respectively. However, when GPCC was used as the reference dataset,
Earth3-Veg ranked second under QDM, while MRI-ESM2 ranked third under QDM95.
Overall, bias correction improved the model rankings, with Earth3-Veg, Earth3, MRI-ESM2,
and MME consistently performing well, while native models like INM-CM4 and MPI-
ESM1 ranked the lowest. The effectiveness of each technique varied by reference dataset,
with QDM95 and SDM generally enhancing model reliability. However, some models,
such as INM-CM4 and INM-CM5, remained low in rank even after correction, suggesting
limitations in capturing extreme precipitation. These findings emphasize the importance of
reference datasets in model evaluations and the need for multiple observational datasets.
While higher-resolution models tended to perform better, their effectiveness remained
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context-dependent. Future research should refine bias correction techniques and explore
ensemble approaches to improve extreme precipitation simulations.

In general, this study highlights the importance of bias correction in improving the
reliability of the CMIP6 models’ extreme precipitation simulations in Southern Africa.
This is particularly important for climate scientists and policymakers who rely on bias-
corrected models for impact assessments and formulating adaptation strategies to mitigate
the impacts of future precipitation changes. This study underscores the importance of
selecting suitable bias correction techniques based on relevant observational data and
the target extreme events. These findings improve our understanding of how bias cor-
rection enhances climate model accuracy in representing extreme precipitation, which is
essential for regional impact studies. Future research should explore the performance of
these techniques across various regions to refine bias correction techniques for broader
climate modeling.

Based on the findings of this study, the following recommendations are proposed:

• Given the variability in model performance relative to different observational datasets
(CHIRPS, GPCC, and MSWEP), the use of multiple reference datasets is vital for robust
model evaluation and bias correction.

• No single technique (QDM, QDM95, or SDM) outperformed the others across all
indices and datasets. The selection of bias correction methods should consider the
characteristics of the extremes being studied. For example, QDM95 may be more
suitable for high-impact events such as Rx1day, while SDM offers improved spatial
pattern fidelity.

• While MMEs reduce individual model errors, their skill varies by metric, reference
dataset, and correction technique. High-performing models like Earth3-Veg and MRI-
ESM2 sometimes outperform the MME, suggesting that ensemble mean approaches
should be used cautiously. Knutti et al. [84] cautioned against overreliance on MMEs
and advocated for performance-based selection.

• Persistent biases over high-altitude regions even after correction indicate the need for
improved physical representations in GCMs. Enhanced resolutions and improved
parameterizations of convective and orographic processes are essential, echoing the
findings of Giorgi et al. [89], Déqué et al. [90], and Ban et al. [91].
The inability of conventional techniques to fully address biases in some indices sug-
gests the need for hybrid or adaptive approaches. These may include regional tuning
or the integration of machine learning methods. Recent studies such as those by Vrac
and Friederichs [92] and Gutmann et al. [93] advocate for data-driven and adaptive
correction schemes.
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