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ABSTRACT: Understanding trends in rainfall and temperature projections is critical for assessing climate change
impacts, managing water resources, mitigating disaster risks, and guiding sustainable agricultural and infrastructure
planning. This study investigates projected changes in temperature and rainfall in the Upper Bernam River Basin
(UBRB), Malaysia, using ten Global Climate Models (GCMs) from CMIP6 across four scenarios (SSP126, SSP245,
SSP370, and SSP585). Downscaling was conducted with the Climate-Smart Decision Support System (CSDSS) for
the baseline period (1985–2014) and for future periods: 2020s, 2040s, 2060s, and 2080s. Results indicate a consistent
warming trend, with maximum temperatures projected to increase from 1.4○C (2020s, SSP126) to 4.66○C (2080s,
SSP585), and minimum temperatures from 1.97○C to 5.70○C over the same period and scenarios. Rainfall projections
reveal high variability and inter-scenario uncertainty, with average monthly rainfall changes ranging from −17.6%
(2020s, SSP585) to+6.6% (2080s, SSP370). Extremes analysis shows intensifying wet and dry spells, with 95th percentile
rainfall rising to 7.87% and significant increases in 90th percentile temperatures, reaching nearly 20% under SSP585
by 2080s. Seasonal shifts include reduced rainfall from January to April and potential increases in main-season (July–
August) flooding. These findings highlight the importance of adaptive strategies such as flood control, off-season
(January–June) water storage, and climate-resilient infrastructure. The study underscores inter-scenario uncertainties
and provides critical insights for climate-resilient water resource planning and disaster risk mitigation in UBRB.
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1 Introduction
Climate change is one of the most pressing challenges of the 21st century, with significant implica-

tions for hydrological cycles, temperature variations, precipitation patterns, agriculture, and disaster risk
management [1,2]. The Intergovernmental Panel on Climate Change (IPCC) has consistently highlighted
the increasing frequency and intensity of extreme weather events, such as floods, droughts, and heatwaves,
driven by rising global temperatures and shifting precipitation patterns [3,4]. These changes are particularly
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pronounced in tropical regions, where ecosystems and human activities are susceptible to climate variabil-
ity [5,6]. In Southeast Asia, an area characterized by its monsoon-driven climate, the impacts of climate
change are exacerbated by rapid urbanization, deforestation, and intensive agricultural practices [7,8].

Malaysia, located in the heart of Southeast Asia, is highly vulnerable to climate change due to its reliance
on rain-fed agriculture and its exposure to extreme weather events [9,10]. The Upper Bernam River Basin
(UBRB) is a critical hydrological and agricultural zone in Peninsular Malaysia and plays a vital role in
supporting local livelihoods and regional food security. However, this basin is vulnerable to these climate
fluctuations. Temperature and rainfall patterns can influence crop yields, increase the frequency of extreme
weather events, and alter river discharge patterns, ultimately affecting livelihoods and biodiversity [11–13].

Recent studies have documented that global average temperatures have been rising due to increased
greenhouse gas emissions, leading to disruptions in hydrological regimes worldwide [14,15] alongside erratic
rainfall patterns in the region, raising concerns about the sustainability of water resources and the resilience
of agricultural systems [16,17]. In Southeast Asia, including Malaysia, temperature increases have accelerated
over the past decades, intensifying rainfall variability and increasing the risks of droughts and floods [17–19].
For instance, Ismail [20] reported significant warming trends using CMIP5 models, but these projections
may underestimate future climate extremes due to their limited representation of regional dynamics [21].

The Coupled Model Intercomparison Project Phase 6 (CMIP6) represents a significant advancement
in climate modeling, offering improved spatial resolution and a more comprehensive range of Shared
Socioeconomic Pathways (SSPs) compared to CMIP5 [14,22–24]. These SSPs provide scenarios integrating
socioeconomic factors with climate projections, enabling a more nuanced understanding of future climate
risks [25]. Despite these advancements and extensive research on climate variability, limited studies have
focused on UBRB using CMIP6 projections, particularly in assessing temperature and rainfall trends
under different future scenarios, where localized climate impacts can deviate significantly from global
trends [18,26]. This gap in knowledge hinders the development of targeted adaptation strategies, underscor-
ing the need for detailed, regional, and locally specific climate assessments. Accurate climate projections are
critical for effective water resource management, disaster risk reduction, and infrastructure planning in the
study area [27].

Climate change poses significant challenges to water resource management and agricultural productiv-
ity [28,29], particularly in regions such as UBRB in Malaysia. The increasing intensity of temperature and
changes in rainfall patterns, as driven by global climate variability, necessitate localized studies to provide
actionable data for climate adaptation strategies. Previous studies [20,30] using CMIP5 projections have
provided a foundation for understanding climate impacts, but with the advancement of CMIP6 models, it is
crucial to update the analysis with the latest projections.

This study addresses this critical gap by analyzing trends in rainfall and temperature projections in the
UBRB using downscaled CMIP6 scenarios (SSP126, SSP245, SSP370, and SSP585) for the baseline period
(1985–2014) and future periods (2020s, 2040s, 2060s, and 2080s). The primary objectives of this study are
to (1) examine trends in temperature and rainfall projections under different CMIP6 scenarios (SSP126,
SSP245, SSP370, and SSP585) for UBRB, (2) compare historical (1985–2014) and projected climate trends for
the 2020s, 2040s, 2060s, and 2080s, and (3) assess the implications of projected changes on water resource
management, disaster risk reduction, and climate adaptation strategies.

Climate model projections are essential to anticipate these impacts and inform long-term planning. The
CMIP6 provides a range of SSPs that reflect different greenhouse gas emissions trajectories [31,32]. However,
raw outputs from Global Climate Models (GCMs) have coarse spatial resolution and inherent biases that
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limit their direct application to basin-scale impact studies [33,34]. Therefore, downscaling and bias correction
techniques are employed to refine these outputs to regional or local scales.

Statistical downscaling methods, including stochastic weather generators like LARS-WG and
regression-based models like SDSM, have been widely applied in Southeast Asia to enhance climate model
projections [35–38]. LARS-WG has been used effectively to simulate daily rainfall and temperature in
Malaysia and nearby tropical regions due to its ability to generate site-specific weather data [37,39,40]. SDSM,
on the other hand, combines multiple linear regression with stochastic error modeling and has proven
effective for capturing extreme climate indices [37,41,42]. However, the SDSM method was reported to be
more efficient than LARS-WG in downscaling rainfall and temperature [34]. Meanwhile, more advanced
statistical techniques, such as empirical quantile mapping, have been increasingly used for bias correction
due to their ability to preserve distributional characteristics and extremes in precipitation [43–45].

Despite these developments, the delta method is one of the approaches in many regional climate impact
studies for its simplicity, robustness, and ease of integration into hydrological models [46–50]. The method
involves calculating the change signal (delta) between future and historical periods from GCM outputs and
applying these deltas to observed local climate data. Although it lacks the temporal variability of weather
generators, the delta method is effective for trend analysis, seasonal comparisons, and long-term scenario
development, especially in data-scarce basins such as the UBRB. Moreover, its ability to maintain relative
changes without introducing additional modeling uncertainty makes it suitable for multi-GCM ensemble
assessments [49,51].

In this study, the Climate-Smart Decision Support System (CSDSS), which implements a delta-based
downscaling framework, was used to project changes in rainfall and temperature over the UBRB. The analysis
incorporated ten CMIP6 GCMs under four emission scenarios (SSP126, SSP245, SSP370, and SSP585) and
covered four future time periods (2020s, 2040s, 2060s, and 2080s).

The central research question of the study is: how will climate change, as projected by the latest CMIP6
scenarios (SSP126, SSP245, SSP370, and SSP585), affect trends in rainfall and temperature in the UBRB in
Malaysia across different time horizons (2020s, 2040s, 2060s, and 2080s)? However, the study hypothesizes
that: Both maximum and minimum temperatures in the UBRB will increase significantly under all SSP
scenarios, with the highest increases observed under the SSP585 pathways; Rainfall will exhibit increased
variability, with a general trend toward reductions during dry seasons and potential increases in wet-season
rainfall, particularly under higher-emission scenarios (SSP370 and SSP585); and the temperature and rainfall
trends will show chronological progression, with more extreme changes occurring towards the end of the
century (2080s).

While numerous studies in Southeast Asia have examined projected climate changes using CMIP5
and CMIP6 datasets [52–55], few have specifically targeted the UBRB using CMIP5 [30,56], a strategically
important watershed for agriculture, water supply, and disaster mitigation in Peninsular Malaysia. Many
prior studies rely on national-scale or coarse-resolution projections, often overlooking sub-basin-level
dynamics and their implications for localized decision-making [57]. Nonetheless, significant gaps remain in
understanding localized climate dynamics in strategic sub-basins such as the UBRB, and these studies have
either focused on national or regional scales without capturing basin-specific characteristics; relied primarily
on CMIP5 projections, which have been shown to underrepresent certain extremes and uncertainty ranges
compared to CMIP6; and did not include a robust analysis of climate extremes (e.g., 90th, 95th percentiles),
which are crucial for disaster risk assessment [30,56]. Moreover, downscaling tools like SDSM and LARS-WG
have been more commonly applied in the region [35–38]. In contrast, the CSDSS used in this study remains
underutilized despite its capacity for integrating climate data with decision-relevant metrics. This research
also distinguishes itself by combining analyses of climate extremes using the 95th and 10th percentiles for
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rainfall and 90th and 10th percentiles for temperature alongside mean trends, thereby addressing compound
risks such as simultaneous droughts and floods [1,5,58]. This study aims to fill these critical gaps through
the following objectives: (1) To downscale CMIP6 outputs using CSDSS, thereby integrating climate science
with actionable decision-making support at the sub-basin level. (2) To project future trends in rainfall and
temperature in the UBRB under four CMIP6 SSPs (SSP126, SSP245, SSP370, and SSP585) for near-to-long-
term periods (2020s, 2040s, 2060, and 2080s). (3) To assess changes in climate extremes, focusing on 10th
and 90th/95th percentile thresholds for rainfall and temperature, which are vital for flood and drought risk
evaluation. (4) To evaluate inter-scenario uncertainties and their implications for adaptive water resource
management, agricultural planning, and infrastructure development in the UBRB.

By capturing both average and extreme projections under four CMIP6 scenarios (SSP126, SSP245,
SSP370, and SSP585), integrating multi-GCM ensemble data with downscaling techniques tailored for trend
analysis, this research provides insights into future climate variability in the UBRB. The outcome will aid
policymakers, researchers, and stakeholders in formulating adaptive strategies, ensuring the sustainability
and resilience of UBRB in the face of climate change. Moreover, the findings of this study are timely, as
Malaysia, particularly the UBRB, grapples with the dual challenges of climate and sustainable development.
The results will contribute to the growing body of knowledge on local climate impacts and support the
development of evidence-based adaptation strategies, such as improved flood control, off-season water
storage, and climate-resilience agricultural practices [59,60]. Ultimately, this study seeks to bridge the
gap between global climate projections and local adaptation needs, providing a foundation for informed
decision-making in UBRB and beyond.

2 Materials and Methods

2.1 Study Area
The Upper Bernam River Basin (UBRB), located in Malaysia, was selected as the study area due to its

significance for regional water supply, agriculture, and disaster management. The UBRB spans approximately
108,000 hectares, originating from the mountainous regions of the main range bordering Pahang and flowing
200 km to the Melaka Straits. Fig. 1 presents the study area and its features, with Fig. 1a depicting the UBRB
catchment, Fig. 1b showing how the UBRB discharge flows to the straits of Melaka and is partly diverted to the
location of the Integrated Agricultural Development Area (IADA) Selangor within the Bernam Basin. Fig. 1c
presents the Bernam Basin’s position in Malaysia. The UBRB is a natural boundary between Selangor
and Perak, with around 65% of its area in Perak [61]. The UBRB watershed has an average elevation of
950 m above sea level and includes forests, oil palm plantations, rubber, and paddy fields [30]. The north
and east mountain regions reach approximately 1830 m above sea level. The temperatures in the area range
between 26○C and 32○C, with a relative humidity of 77%. Rainfall patterns are influenced by the Northeast
monsoon (November–February) and Southwest monsoon (May–August), with peaks in rainfall occurring
from October to December and February to May. Annual precipitation varies between 1800 mm and
3500 mm, while the mean annual flow ranges from 800 mm to 1950 mm [62]. The inter-monsoon periods,
occurring from March to April and September to October, are considered dry seasons with minimum
rainfall. Consequently, the UBRB catchment serves as the primary source of irrigation water for IADA
Selangor, which operates in two distinct seasons: the off-season from January to June and the main-season
from July to December. The off-season experiences lower rainfall, while the main-season is marked by higher
rainfall levels.



Revue Internationale de Géomatique. 2025;34 491

Figure 1: Study area: (a) is the Upper Bernam River Basin (UBRB) showing the boundary, catchment outlet, and
tributaries; (b) is the map showing the UBRB catchment, river Bernam, Feeder canal, and the Integrated Agricultural
Development Area (IADA) Selangor irrigation compartments; and (c) shows the location of UBRB in the map of West
Malaysia

2.2 Data Collection
The study investigates future trends in rainfall and temperature for the UBRB using downscaled data

from Global Climate Models (GCMs) under the Coupled Model Intercomparison Project Phase 6 (CMIP6)
framework. The analysis considers four Shared Socioeconomic Pathways (SSP) scenarios, including SSP126
(low emissions), SSP245 (moderate emissions), SSP370 (high emissions), and SSP585 (very high emissions),
over different future periods; the near future (2020s), mid-century (2040s), late-century (2060s), and end
of the century (2080s). The study compares these periods with a historical baseline (1985–2014). The
meteorological data used in this study include rainfall and temperature datasets derived from a combination
of observed historical records and GCM outputs. The Climate-Smart Decision Support System (CSDSS) was
used to downscale GCM data to a finer spatial resolution suitable for basin-level Analysis.

2.3 Climate Model Data and Downscaling
The study employed statistical downscaling using CSDSS to capture climate projections at a local

scale. Climate projection data were obtained from ten Global Climate Models (GCMs) under the CMIP6
framework (Table 1), covering four emission scenarios (SSP126, SSP245, SSP370, and SSP585) through the
Earth System Grid Federation (ESGF) data platform. The CMIP6 climate data for SSP126, SSP245, SSP370,
and SSP585 were bias-corrected using an upgraded version (Fig. 2) of the Climate-Smart Decision Support
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System (CSDSS) to downscale hydro-meteorological variables, enhancing local accuracy [63,64]. The CSDSS
was developed in the Matrix Laboratory (MATLAB R2024b) environment, where it employs the statistical
downscaling method known as the “Delta Change Factor” [63]. This method bridges the gap between coarse
GCM data and the high-resolution requirements of regional/local climate studies. The CSDSS adjusts GCM
outputs to local climate conditions by applying bias correction methods based on observed meteorological
data. This approach is widely used in hydrological modeling due to its rapid application, direct scaling of
scenarios based on GCM-projected changes, and ability to incorporate multiple models with results from
various GCM scenarios [63,65,66]. Refer to [30,64,65,67] for further details. In this study, the 2020s are
referred to as the near future period, the 2040s as the mid-future period, the 2060s as the late century period,
and the 2080s as the end-of-century period. The ten selected GCMs represent a range of climate responses,
enhancing the robustness of the projections.

Table 1: Outline details of the ten GCMs from CMIP6 GCMs

S/No. Model name Resolution
(Longitude ×

Latitude)

Organization

1 ACCESS-CM2 1.25○ latitude by 1.875○
longitude

Commonwealth Scientific and
Industrial Research

Organization, Australia
2 ACCESS-ESM1-5 1.875○ longitude by

1.25○ latitude
Commonwealth Scientific and

Industrial Research
Organization, Australia

3 BCC-CSM2-MR T106, about 110 × 110
km

Beijing Climate Center (BCC),
China Meteorological
Administration, China

4 CanESM5 2.8 × 2.8 Canadian Center for Climate
Modeling and Analysis, Canada

5 CMCC-CM2-SR5 288 × 192 Fondazione Centro
Euro-Mediterraneo sui

Cambiamenti Climatici, Italy
6 MPI-ESM1-2-LR 1.9 × 1.9 Max Planck Institute for

Meteorology, Germany
7 MRI-ESM2-0 ∼1.125○ × 1.1215○ Meteorological Research

Institute, Japan
8 NESM3 1.9 × 1.9 Nanjing University of

Information Science and
Technology Earth System
Model version 3, China

9 NorESM2-LM 1.9 × 2.5 Norwegian Climate Centre,
Norway

10 EC-Earth3 0.35○ × 0.35○ EC-Earth Consortium, Europe
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Figure 2: Revised Climate-Smart DSS for downscaling climate variables for the CMIP5 and CMIP6 models
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The “Delta change factor” approach assessed the mean values of the GCM-simulated baseline and future
climates using Eqs. (1) and (2) [30,63,68]:

GCMb =
Nb
∑
i=1

GCMbi/Nb (1)

GCM f =
N f

∑
i=1

GCM f i/N f (2)

where GCMb and GCM f , GCMb and GCMf are the mean values and values from the GCM baseline climate
scenario and the GCM future climate scenario, respectively. Nb and Nf represent the total values in the
baseline and future periods of the downscaling, respectively.

Eqs. (3) and (4) calculated the monthly additive (CFadd) and multiplicative (CFmul) Change Factor,
changes between the baseline and the future periods for the climate variable of interest for the GCM grid
box. In the case of precipitation (ΔP), relative change factors derived from the ratio of projected-to-baseline
averages were used. In contrast, absolute change factors were used for temperature, relative humidity, solar
radiation, and wind speed (ΔT), which were calculated by subtracting the GCMs’ baseline averages from the
future [63].

CFRain = (
PGC M , f ut ,m

PGC M ,base ,m
) (3)

CFTem p = (TGC M , f ut ,m − TGC M ,base ,m) (4)

Finally, using Eqs. (5) and (6), future climate values at the local scale were calculated. This is accom-
plished by superimposing the change factors proposed by the GCM scenario.

Pad j , f ut ,d = Pobs ,d × CFRain (5)

Tf ut ,d = Tobs ,d + CFTem p (6)

where P and T are the rainfall and climatic variables, respectively, the subscript adj, fut, d denote the
downscaled future daily variable; obs, d denote daily observations; CF denotes calculated additive and
multiplicative change factors for rainfall and climatic variables; GCM, fut, m, and GCM, base, m are the
average monthly values of GCM output and baseline periods, respectively.

2.4 Temperature and Rainfall Trend Analysis
For temperature projections, maximum and minimum daily temperatures were analyzed for their

percentage change from the historical baseline to each future time horizon (2020s, 2040s, 2060s, and 2080s).
Rainfall trends were analyzed by examining monthly and annual averages, focusing on changes in dry (off-
season) and wet (main-season) season dynamics. Both increases and decreases in rainfall were identified to
assess how future climate variability would affect the basin.

2.5 Statistical Analysis
Projected changes in temperature and rainfall were calculated as percentage differences from the

baseline period (1985–2014). The range of projected daily changes in temperature (ΔT) and rainfall (ΔR)
using the 1985–2014 historical period and the four future periods (2020s, 2040s, 2060s, and 2080s) were
computed. The 10th (dry days) and 95th (wet days) percentile values for ΔR were calculated for the historical
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period to determine the climate extremes. These percentile values serve as a threshold for computing the
percentage change in future frequencies. For example, the number of days greater than or equal to the
95th percentile was computed; hence, the percentage change in frequency was calculated using Eq. (7).
For temperature, the 10th (cold) and 90th (warm) percentile values serve as a threshold for the historical
period. These thresholds were used to compute the percentage change of the future temperature for historical
periods using Eqs. (8) and (9). Furthermore, the analysis also included a temporal comparison across the four
SSP scenarios and the four future periods. The study used graphical trend analysis to detect chronological
patterns, fluctuations, and significant trends in temperature and rainfall data.

Percentage cahnge = (Future Frequenc y −Historical Frequenc y
Historical Frequenc y

) × 100 (7)

Percentage cahnge = Future Change × 100
90th Percentil e Historical

(For 90th Percentil e Change) (8)

Percentage cahnge = Future Change × 100
10th Percentil e Historical

(For 10th Percentil e Change) (9)

2.6 Uncertainty Assessment
The study acknowledges the uncertainties inherent in climate projections by considering the outputs

of multiple GCMs. The ensemble means of ten GCMs allows for a more comprehensive evaluation of
climate responses under different emission scenarios, reducing the uncertainty of relying on a single
model. This ensemble means approach is crucial for generating reliable projections, especially for long-term
climate planning.

2.7 Visualization and Results Presentation
Data from the Analysis were presented through graphs and figures to highlight the percentage changes

in temperature and rainfall across periods and scenarios. Figures showing maximum and minimum
temperature increments, rainfall variability, and the distribution of seasonal changes helped visualize how
climate conditions might evolve under different SSP pathways. These visualizations provided an intuitive
understanding of projected climate trends for the UBRB.

3 Results and Discussion

3.1 Temperature Trends
The average maximum temperature during the 2020s (near future period) was projected to rise by

1.47○C, 1.95○C, 2.13○C, and 2.13○C, respectively, for SSPs 126, 245, 370, and 585, as compared to the historical
period, depicted in Figs. 3 and 4. Similarly, the 2040s (mid-future period), 2060s (late century period), and
2080s (end of century period) are as follows: 1.50○C, 2.11○C, 2.68○C, 2.96○C; 1.59○C, 2.23○C, 3.03○C, 3.82○C
and 1.61○C, 2.39○C, 3.50○C and 4.66○C. The least maximum temperature increment between baseline and
future temperature was observed in the 2020s period, corresponding to the SSP126 scenario by 5.01%. In
comparison, the highest maximum temperature increment was observed in the 2080s period, matching the
SSP585 scenario by 15.42%. Other percentage (%) increments of the maximum temperature corresponding
to the various scenarios and periods are presented in Fig. 5. However, there is a chronological increment in
the maximum temperature for the period (from the near future to the end of the century) and the scenarios.



496 Revue Internationale de Géomatique. 2025;34

Figure 3: Mean maximum temperature for historical and future periods across the scenarios: (a) presents the trend
in the average maximum temperature for historical (1985–2014) and during the 2020s (2015 to 2034) for all the SSPs;
(b) presents the trend in the average maximum temperature for historical (1985–2014) and during the 2040s (2035 to
2054) for all the SSPs; (c) presents the trend in the average maximum temperature for historical (1985–2014) and during
the 2060s (2055 to 2074) for all the SSPs; and (d) presents the trend in the average maximum temperature for historical
(1985–2014) and during the 2080s (2075 to 2094) for all the SSPs

Figure 4: (Continued)
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Figure 4: Mean changes of maximum temperature for future periods across the scenarios: (a) presents the trend in
the mean changes of maximum temperature during the 2020s (2015 to 2034) for all the SSPs (SSP126, SSP245, SSP370,
and SSP585); (b) presents the trend in the average maximum temperature during the 2040s (2035 to 2054) for all the
SSPs; (c) presents the trend in the average maximum temperature during the 2060s (2055 to 2074) for all the SSPs; and
(d) presents the trend in the average maximum temperature during the 2080s (2075 to 2094) for all the SSPs

Figure 5: Percent increment in mean maximum temperature for future periods across the scenarios

The minimum temperature projections follow a similar trend to the maximum temperature. The average
minimum temperature during the 2020s (near future period) was projected to rise by 1.97○C, 2.06○C,
2.09○C, and 2.16○C, respectively, for SSPs 126, 245, 370, and 585, as compared to the historical period,
depicted in Figs. 6 and 7. Equally, the 2040s (mid-future period), 2060s (late century period), and 2080s
(end of century period) are as follows: 2.46○C, 2.72○C, 2.82○C, 3.17○C; 2.81○C, 3.35○C, 3.72○C, 4.58○C and
3.08○C, 3.74○C, 4.40○C and 5.70○C. The lowest minimum temperature increment between baseline and
future temperature was observed in the 2020s period, corresponding to the SSP126 scenario by 8.75%. In
comparison, the highest minimum temperature increment was observed in the 2080s period, matching the
SSP585 scenario by 24.50%. Other percent (%) increments of the minimum temperature corresponding to
the various scenarios and periods are presented in Fig. 8. There is also a chronological increment in the
minimum temperature for the period (from the near future to the end of the century) and the scenarios.
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Figure 6: Mean minimum temperature for historical and future periods across the scenarios: (a) presents the trend in
the mean minimum temperature for historical (1985–2014) and during the 2020s (2015 to 2034) for all the SSPs (SSP126,
SSP245, SSP370, and SSP585); (b) presents the trend in the average maximum temperature for historical (1985–2014)
and during the 2040s (2035 to 2054) for all the SSPs; (c) presents the trend in the average maximum temperature for
historical (1985–2014) and during the 2060s (2055 to 2074) for all the SSPs; and (d) presents the trend in the average
maximum temperature for historical (1985–2014) and during the 2080s (2075 to 2094) for all the SSPs

Figure 7: Mean changes of minimum temperature for future periods across the scenarios: (a) presents the trend in
the mean changes of minimum temperature during the 2020s (2015 to 2034) for all the SSPs (SSP126, SSP245, SSP370,
and SSP585); (b) presents the trend in the average maximum temperature during the 2040s (2035 to 2054) for all the
SSPs; (c) presents the trend in the average maximum temperature during the 2060s (2055 to 2074) for all the SSPs; and
(d) presents the trend in the average maximum temperature during the 2080s (2075 to 2094) for all the SSPs
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Figure 8: Percent increment in mean maximum temperature for future periods across the scenarios

3.2 Rainfall Trends
Projected rainfall patterns exhibit notable inter-decadal variability. The average monthly rainfall during

the historical period was estimated at 223.33 mm. However, the average rainfall during the 2020s (near
future period) was projected to decrease by the following percentage with corresponding mean values:
−15.13% (206.10 mm), −13.79% (208.19 mm), −12.47% (211.37 mm) and −17.59% (201.61 mm), respectively,
for SSPs 126, 245, 370 and 585, when compared to the historical period, depicted in Figs. 9 and 10. Equally,
for the 2040s (mid-future period), 2060s (late century period), and 2080 s (end of century period) are as
follows; −12.41% (213.45 mm), −6.12% (226.37 mm), −6.85% (225.54 mm), −9.46% (219.95 mm); −12.73%
(213..14 mm), −6.46% (225.52 mm), 2.52% (245.03 mm), −6.24% (226.49 mm); and −10.38% (216.46 mm),
−7.20% (224.72 mm), 6.63% (252.53 mm) and −3.25% (233.09 mm), respectively. The lowest average rainfall
compared with the baseline was observed in the 2020s period, corresponding to the SSP585 scenario with a
mean change of −21.71 mm. Moreover, the highest average rainfall compared to the baseline was observed
in the 2080s period, matching the SSP370 scenario with a mean change of 29.20 mm. Other percentage (%)
changes in the rainfall corresponding to the various scenarios and periods are presented in Fig. 11. However,
there is also a chronological change for the period (from the near future to the end of the century), with some
fluctuations between the 2040s and 2060s for the SSP126 and SSP245 scenarios.

Figure 9: (Continued)
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Figure 9: Mean rainfall for historical and future periods across the scenarios: (a) presents the trend in the mean rainfall
for historical (1985–2014) and during the 2020s (2015 to 2034) for all the SSPs (SSP126, SSP245, SSP370, and SSP585);
(b) presents the trend in the mean rainfall for historical (1985–2014) and during the 2040s (2035 to 2054) for all the
SSPs; (c) presents the trend in the mean rainfall for historical (1985–2014) and during the 2060s (2055 to 2074) for all
the SSPs; and (d) presents the trend in the mean rainfall for historical (1985–2014) and during the 2080s (2075 to 2094)
for all the SSPs

Figure 10: Mean changes of rainfall for future periods across the scenarios: (a) presents the trend in the mean changes
of rainfall during the 2020s (2015 to 2034) for all the SSPs (SSP126, SSP245, SSP370, and SSP585); (b) presents the trend
in the mean changes of rainfall during the 2040s (2035 to 2054) for all the SSPs; (c) presents the trend in the mean
changes of rainfall during the 2060s (2055 to 2074) for all the SSPs; and (d) presents the trend in the mean changes of
rainfall during the 2080s (2075 to 2094) for all the SSPs
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Figure 11: Percent increment in mean maximum temperature for future periods across the scenarios

3.3 Changes in Climate Extremes
Table 2 presents the results of changes in climate extremes with values from the scenarios yielding a

range of changes from the baseline dataset. The percentage changes in rainfall for wet days ranges from 4.39%
(SSP585, 2020s)–77.87% (SSP370, 2080s), while for the dry days range from 1.56% (SSP245, 2020s)–5.58%
(SSP585, 2080s). However, the percentage changes in maximum temperature for warmer periods range from
3.82% (SSP126, 2020s)–14.91% (SSP585, 2080s), while for the cold periods range from 6.39% (SSP126, 2020s)–
16.19% (SSP585, 2080s), and the percentage changes in minimum temperature for warmer nights ranges
from 6.74% (SSP126, 2020s)–19.98% (SSP585, 2080s), while for the cold nights range from −1.65% (SSP126,
2020s)–13.74% (SSP585, 2080s).

Table 2: Scenarios and periodical changes in climate extremes

Periods Scenario Rainfall Temperature (Tmax) Temperature (Tmin)

95% 10% 90% 10% 90% 10%

2015–2034

SSP126 4.74 2.03 3.82 6.39 6.74 −1.65
SSP245 4.61 1.56 4.14 6.53 7.22 −1.37
SSP370 5.07 2.38 4.48 6.66 7.27 −1.39
SSP585 4.39 2.44 4.7 6.58 7.62 −0.89

2035–2054

SSP126 5.43 2.18 5.53 7.95 8.73 0.12
SSP245 5.75 2.83 6.33 8.37 9.85 1.17
SSP370 5.99 2.6 6.74 8.66 10.45 1.4
SSP585 5.76 2.49 7.28 9.33 12.01 2.61

2055–2074

SSP126 4.79 2.23 6.04 8.69 10.87 1.08
SSP245 5.9 3.23 8.33 10.12 12.45 3.16
SSP370 7.34 3.41 9.64 11.26 13.66 5.08
SSP585 6.28 4.33 11.11 12.57 16.7 8.6

(Continued)
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Table 2 (continued)

Periods Scenario Rainfall Temperature (Tmax) Temperature (Tmin)

95% 10% 90% 10% 90% 10%

2075–2094

SSP126 5.34 2.45 6.04 8.64 11.76 2.01
SSP245 6.06 2.97 9.29 11.16 13.61 4.88
SSP370 7.87 5.07 12.14 13.68 15.99 7.49
SSP585 6.86 5.58 14.91 16.19 19.98 13.74

3.4 Discussion
3.4.1 Spatial Variability and Implications of Maximum Temperature Projections

The maximum temperature (Tmax) in the Upper Bernam River Basin (UBRB) is projected to increase
in both off-season and main seasons under different Shared Socioeconomic Pathways (SSPs). During the
off seasons of the 2020s, Tmax was projected to increase significantly, with the lowest mean temperature
of 32.3○C observed under SSP126 and the highest of 33.06○C under SSP585, compared to the historical
mean temperature of 30.92○C. This represents an increase ranging from 4.47% (SSP126) to 6.91% (SSP585).
Similarly, during the main seasons of the same period, Tmax increased with a mean ranging from 31.88○C
under SSP126 to 32.46○C under SSP370, reflecting an increase of 5.16% to 7.05% from the historical mean of
30.32○C.

In the 2040s, similar trends were observed. During the off seasons, mean Tmax ranged from 32.39○C
(SSP126) to 33.97○C (SSP585), increasing from 4.75% to 9.84%. For the main seasons, mean Tmax ranged
from 31.85○C (SSP126) to 33.2○C (SSP585), showing an increase of 5.06% to 9.49%.

By the 2060s, off-season Tmax further increased, with SSP126 recording the lowest mean Tmax of 32.48○C
(5.04% increase) and SSP585 the highest mean Tmax of 34.79○C (12.49% increase). Main-season Tmax also
increased, ranging from 31.94○C (SSP126) to 34.09○C (SSP585), indicating increases of 5.34% to 12.43%.

By the 2080s, the off-season Tmax reached its highest point across all periods, with a mean Tmax of
35.68○C observed under SSP585 (15.38% increase), while SSP126 recorded a mean Tmax at 31.94○C (5.04%
increase). Main-season average Tmax peaked at 31.99○C (SSP126, 5.5% increase) to 34.88○C (SSP585, 15.03%
increase).

Overall, the lowest off-season average Tmax was observed in SSP126 during the 2020s, while the highest
occurred in SSP585 during the 2080s. For the main seasons, the lowest average Tmax was recorded in
SSP126 during the 2040s and the highest in SSP585 during the 2080s. The spatial variability of maximum
temperature projections indicates a consistent increase across all scenarios (SSP126, SSP245, SSP370, SSP585)
and timeframes, with the magnitude of warming intensifying from the near future (2020s) to the end of
the century (2080s). These findings indicate that SSP585 is associated with increased Tmax and peak heat.
This means high evapotranspiration will require more irrigation to compensate for this impact. These trends
suggest local susceptibility to prolonged heat waves and heightened thermal stress, which could disrupt
ecosystems and human activities.

The observed trends align with the findings of [20,68], who reported an increased Tmax for Malaysia’s
Upper Bernam watershed. Based on the 5th Assessment Report, their study also noted that Tmax during the
off-season and main-seasons are expected to increase across all scenarios compared to the historical period.
Moreover, the trend observed in this study also aligns with the findings of [67,69–71].
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The projections suggest that the selected climate scenarios will strongly influence future hydrological
patterns, with SSP585 yielding the highest increases in Tmax. These results emphasize the importance of
integrating climate projections into water resource management plans to mitigate the impacts of extreme
heat, particularly during the 2080s.

3.4.2 Spatial Variability and Implications of Minimum Temperature Projections
The minimum temperature (Tmin) in the Upper Bernam River Basin (UBRB) was projected to increase

in both off-seasons and main seasons under different Shared Socioeconomic Pathways (SSPs). During the
off seasons of the 2020s, Tmin was projected to rise, with the lowest mean temperature of 25.49○C observed
under SSP126 and the highest of 25.69○C under SSP585, compared to the historical mean temperature of
23.92○C. This represents an increase ranging from 6.56% (SSP126) to 7.36% (SSP585). Similarly, during the
main seasons of the same period, Tmin increased with a mean ranging from 26.1○C under SSP126 to 26.3○C
under SSP585, reflecting an increase of 9.96% to 10.81% from the historical mean of 23.74○C.

In the 2040s, similar trends were observed. During the off seasons, average Tmin ranged from 26.06○C
(SSP126) to 26.72○C (SSP585), increasing from 8.92% to 11.68%. For the main seasons, the average Tmin
ranged from 26.52○C (SSP126) to 27.28○C (SSP585), rising from 11.73% to 14.94%.

By the 2060s, off-season Tmin further increased, with SSP126 recording the lowest mean Tmin of 26.49○C
(10.72% increase) and SSP585 the highest average Tmin of 28.12○C (17.55% increase). Main-season Tmin
increased from 26.8○C (SSP126) to 28.69○C (SSP585), rising from 12.9% to 20.87%.

By the 2080s, the off-season Tmin reached its highest point across all periods, with an average Tmin of
26.82○C observed under SSP126 (12.1% increase), while SSP585 recorded an average Tmin at 29.22○C (22.14%
increase). Main-season average Tmin peaked at 26.99○C (SSP126, 13.72% increase) to 29.84○C (SSP585, 25.73%
increase).

Overall, the lowest off-season average Tmin was observed in SSP126 during the 2020s, while the highest
occurred in SSP585 during the 2080s. For the main seasons, the lowest average Tmin was recorded in SSP126
during the 2020s and the highest in SSP585 during the 2080s. These findings indicate that SSP585 is associated
with increased Tmin and peak heat. The notable pace of change implies warmer nights and reduced cooling
periods, which could exacerbate urban heat island effects and stress nocturnal ecosystems. Additionally, the
more significant rise in minimum temperatures relative to maximum temperatures could influence crop
yields and increase energy demand for cooling. These results confirm trends reported by Ismail [20], though
the smoother progression in this study reflects the adoption of more advanced CMIP6 data.

The minimum temperatures showed chronological increases both in the off-season and main-season,
indicating a continuous increase in temperature till the end of the century. This implies adequate preparation
and water-saving plans should be implemented to combat this impact. The observed trends align with the
findings of [20,68], who reported an increased Tmin for Malaysia’s Upper Bernam watershed. Based on the
5th Assessment Report, their study also noted that Tmin during the off-season and main-seasons is expected
to increase across all scenarios compared to the historical period. Furthermore, the trend observed in this
study also aligns with the findings of [67,69–71].

The projections suggest that the selected climate scenarios will strongly influence future hydrological
patterns, with SSP585 yielding the highest increases in Tmin. These results emphasize the importance of
integrating climate projections into water resource management plans to mitigate the impacts of extreme
heat, particularly during the 2080s. This study aligns with global climate change projections, which indicate a
consistent rise in temperature and increased variability in rainfall patterns under high-emission scenarios [1].
The observed warming trend in UBRB is comparable to findings in other tropical regions, where rising
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temperatures contribute to enhanced evapotranspiration, altered hydrological cycles, and shifts in seasonal
precipitation patterns [72–75]. The projected increase in maximum and minimum temperatures suggested a
prolonged growing season but may also intensify heat stress on crops and water resources [69,76,77]. These
changes necessitate adaptive measures, such as implementing climate-resilient agricultural practices and
efficient water management strategies.

3.4.3 Spatial Variability and Implications of Rainfall Projections
The rainfall in the Upper Bernam River Basin (UBRB) is projected to experience contrasting trends

between off seasons and main seasons under different Shared Socioeconomic Pathways (SSPs). During
the off seasons of the 2020s, rainfall was projected to decline significantly, with the lowest mean fall
of 105.05 mm observed under SSP585 and the highest of 131.22 mm under SSP245, compared to the historical
mean of 197.48 mm. This represents a decrease ranging from 33.55% (SSP245) to 46.80% (SSP585). In
contrast, during the main seasons of the same period, rainfall increased, ranging from 285.16 mm under
SSP245 to 305.23 mm under SSP370, reflecting an increase of 14.44% to 22.49% from the historical means of
249.18 mm.

In the 2040s, similar trends were observed. During the off seasons, mean rainfall ranged from
106.22 mm (SSP585) to 121.21 mm (SSP370), with declines of 46.21% and 38.62%, respectively. For the main
seasons, rainfall ranged from 313.89 mm (SSP126) to 333.73 mm (SSP245), increasing from 25.97% to 33.93%.

By the 2060s, off-season rainfall also declined, with SSP585 recording the lowest mean rainfall of
114.72 mm (41.9% decrease) and SSP370 the highest mean rainfall of 125.84 mm (36.27% decrease). Main-
season rainfall increased drastically, from 307.56 mm (SSP126) to 364.22 mm (SSP370), rising from 23.43%
to 46.17%.

Projections for the 2080s reveal the lowest off-season mean rainfall of 107.97 mm under SSP585 (45.32%
decrease) and the highest of 125.19 mm under SSP370 (36.61% decrease). Main-season rainfall ranged from
311.56 mm (SSP126, 25.04% increase) to 379.87 mm (SSP370, 52.45% increase).

Overall, the lowest off-season rainfall was observed in SSP585 during the 2020s, while the highest
occurred in SSP245 during the 2020s. For the main seasons, the lowest flow was recorded in SSP245 during
the 2020s and the highest in SSP370 during the 2080s. These findings indicate that SSP370 is associated with
increased precipitation and peak flows, whereas SSP585 suggests reduced precipitation and lower rainfall.
Fluctuations between the 2040s and 2060s are evident, particularly in the SSP126 and SSP245 scenarios.
The off-season reductions and increase in main-seasons suggest a heightened risk of seasonal droughts
and flooding, necessitating improved water management and flood mitigation strategies. These findings are
consistent with trends reported by [78] and align with [20,68], who reported significant seasonal variations in
rainfall for Malaysia’s Upper Bernam watershed. Their study was based on the 5th Assessment Report, which
also noted that precipitation during the main seasons is expected to increase across all scenarios compared
to the off-season. Likewise, the trend observed in this study also aligns with the findings of [67,69–71].

This study shows the substantial seasonal and scenario-based variations in rainfall in the UBRB. The
projections suggest that the selected climate scenarios will strongly influence future hydrological patterns,
with SSP370 yielding the highest increases in main-season flows and SSP585 the most pronounced decline
during off-seasons. These results emphasize the importance of integrating climate projections into water
resource management plans to mitigate the impacts of extreme seasonal variations by saving excess flow
during the main-season against the effects of low flows during the off-season. The variability in rainfall
projections highlights potential risks associated with extreme droughts and increased flood frequency. The
projected decline in rainfall during the dry months (January–April) may lead to water shortages, impacting
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irrigation systems and domestic water supply [79,80]. Meanwhile, the expected increase in precipitation
during the monsoon season suggests an elevated risk of flooding, which could have severe consequences for
infrastructure and livelihoods [54]. The findings indicate that future planning must include integrated flood
risk management and investment in water storage infrastructure to mitigate these impacts [14].

Comparison with previous studies using CMIP5 models indicates that CMIP6 projections suggest more
significant warming and intensified rainfall variability [81–84]. This reinforces the urgency of implementing
climate adaptation strategies in the UBRB region, including early warning systems, improved land-use
planning, and community-based adaptation initiatives [74]. The increased uncertainty in precipitation trends
underscores the need for flexible, adaptive water governance frameworks to effectively respond to shifting
climate conditions [75].

3.4.4 Analysis of Scenarios and Periodical Changes in Climate Extremes
Across all scenarios and periods, 95th percentile rainfall (extreme wet conditions) shows a gradual

increase, particularly under SSP370 and SSP585. This suggests a growing likelihood of intense rainfall events,
especially towards the late 21st century. The highest 95th percentile rainfall is projected for the 2080s under
SSP370 (7.87%), indicating an intensification of extreme rainfall. The 10th percentile rainfall (indicative of dry
conditions) also increases gradually but less sharply. This suggests some reduction in extreme dryness but not
enough to offset wet-season flood risks. The range between the 95th and 10th percentiles widens over time,
particularly under high-emission scenarios. This indicates increasing rainfall variability and hydrological
extremes, which could strain water management systems.

Tmax at the 90th percentile, representing hot extremes, is projected to rise significantly over time and
with emission severity. For instance, from 6.74% (SSP126, 2020s) to 19.98% (SSP585, 2080s), Tmax extremes
nearly triple. The steepest increases occur under SSP370 and SSP585, underscoring the amplified warming
under high-emission trajectories. 10th percentile Tmax values also rise across all scenarios, indicating a
general warming trend even in the lower bounds of daytime temperatures. However, the gap between the
90th and 10th percentile Tmax widens, reflecting more frequent and intense heat waves.

Tmin extremes show a consistent upward trend; under SSP126, Tmin at the 90th percentile increases
from 6.74% (2020s) to 11.76% (2080s). The highest Tmin 90th percentile change is under the SSP585, rising
sharply to 19.98% by the 2080s, signifying pronounced nighttime warming. Notably, the 10th percentile Tmin
typically cooler nighttime temperatures start negative or near zero in early periods (e.g., −1.65% in SSP126,
2020s) but become increasingly positive by the end of the century. The highest Tmin 10th percentile value is
13.74% under SSP585 in the 2080s, indicating a reduction in cold extremes.

Rainfall and temperature extremes (especially at the 95th and 90th percentiles) are projected to
increase sharply, particularly under SSP370 and SSP585. This suggests heightened flood risks and heat stress.
The widening gap between high and low percentiles (especially in Tmax and rainfall) signals increased
inter-annual climate variability, complicating water and agricultural planning. The faster rise in Tmin,
especially at the lower bound (10th percentile), indicates reduced cold relief during nights, which could have
ecological and health impacts. While all scenarios indicate warming and more extreme events, the degree of
change is highly scenario-dependent. Hence, mitigation efforts can be critical in reducing future extremes
through adaptive infrastructure, climate-informed policy, and risk management strategies in the UBRB,
especially as the region becomes more susceptible to compound extremes like heat waves followed by heavy
rainfall events.
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4 Conclusion
The study examined trends in rainfall and temperature projections in the Upper Bernam River Basin

(UBRB), Malaysia, using downscaled CMIP6 scenarios (SSP126, SSP245, SSP370, and SSP585) for baseline
(1985–2014) and future periods (2020s, 2040s, 2060s, and 2080s). The key findings and conclusions are
summarized as follows:

Both maximum and minimum temperatures are projected to increase significantly across all scenarios
and future periods. Projected increases in maximum temperature range from 1.47○C (2020s, SSP126) to
4.66○C (2080s, SSP585), while the minimum temperature range from 1.97○C (2020s, SSP126) to 5.70○C
(2080s, SSP585).

The minimum temperatures are rising faster than maximum temperatures, indicating accelerated
nighttime warming, which may affect crop physiology and evapotranspiration processes.

Rainfall projections show high temporal and inter-scenario variability. Relative changes range from
decreases of up to −17.59% (2020s, SSP585) to increases of 6.63% (2080s, SSP370), suggesting growing
uncertainty in seasonal water availability.

Seasonal shifts are evident, with reduced rainfall from January to April, raising concerns for off-season
water supply and increased precipitation from May to November, which may intensify the risk of monsoonal
flooding, especially under high-emission scenarios.

The most substantial decline in December rainfall is observed under SSP585 during the 2060s to 2080s,
potentially disrupting end-of-year cropping cycles and water storage plans.

Compared to CMIP5-based studies, the projections from CMIP6 indicate more pronounced warming
and rainfall changes, reflecting the higher climate sensitivity and improved representation of regional
processes in the newer generation models.

The results reveal considerable uncertainty across emission scenarios and GCM ensembles, especially
concerning future rainfall variability. This underscores the necessity of interpreting these projections as plau-
sible ranges rather than deterministic outcomes. Decision-makers must adopt a precautionary and flexible
approach to climate adaptation, emphasizing no-regret strategies and adaptive management frameworks that
can accommodate various future conditions.

To build resilience against these projected trends, the study recommends the implementation of
climate-resilient infrastructure, improved flood control systems, off-season water storage facilities, and the
promotion of sustainable land use and agricultural practices. Policymakers and planners should incorporate
climate scenario uncertainty into regional development frameworks to ensure sustainable and adaptive water
and land management in the Upper Bernam River Basin.
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