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ABSTRACT  
Background: Climate change has increased the intensity and frequency of droughts globally and affected 
freshwater availability, particularly in developing regions with limited adaptive capacity. In Sumatra, prolonged 
droughts and reduced rainfall have increased vulnerability to drought, necessitating accurate projections to 
support climate resilience and sustainable water management. This study aims to assess drought projections in 
Sumatra from 2015 to 2100 in the Shared Socioeconomic Pathways 5-8.5 (SSP 5-8.5), which represents a high 
emission trajectory. Methods: CMIP6 monthly precipitation from the CMIP6 EC-Earth3 model was bias-
corrected using Monthly Mean Bias Correction. The corrected precipitation was used to calculate Standardized 
Precipitation Index (SPI) to evaluate future drought conditions based on rainfall distribution. Findings: The SPI 
calculation results show that the frequency of severe droughts (SPI < -1.5) experiences significant interannual 
fluctuations, in line with rainfall patterns that exhibit oscillatory patterns every few years. The southern part of 
Sumatra emerged as the most drought-prone region with more than 140 drought events detected. The highest 
drought vulnerability occurs between March and May in the northern region, which has an equatorial rainfall 
pattern, while the peak drought vulnerability occurs between September and November in the southern region. 
Atmospheric circulations such as the ITCZ, ENSO, and IOD, as well as topographic and geographic factors, play a 
crucial role in regulating drought in Sumatra. Conclusion: Future droughts in Sumatra will be more frequent, 
occurring in short but severe periods compared to weak, long-lasting droughts. The influence of atmospheric 
circulation will change with climate change and future anthropogenic pressures, increasing the unpredictability 
of droughts. Novelty/Originality of this article: This study integrates climate projections with robust and 
efficient drought index calculations to assess future droughts. Supported by comprehensive spatio-temporal 
analysis, the findings of this study can provide key-insights for climate resilience and sustainable 
meteorological-based water management efforts. However, uncertainties remain related to single-model 
dependency, emission scenario assumptions, and SPI’s precipitation-only formulation. 
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1. Introduction  
 

Climate change has been a crucial environmental issue for the last century and will 
continue to be a global focus in the future. The global climate system has experienced an 
increase in atmospheric temperature of approximately 1.1°C above pre-industrial levels 
due to the accumulation of greenhouse gases from human activities (IPCC, 2023). This 
temperature increase has triggered intensification in the frequency and magnitude of 
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climate-related extremes such as heatwaves, floods, and, most noticeably, droughts (Tuel et 
al., 2021; Batibeniz et al., 2023; Singh et al., 2023). Globally, over four billion people 
experiencing water scarcity each year due to drought, and it is projected to raise as climate 
change accelerates (Mukasa et al., 2020; He et al., 2021). Drought-induced water scarcity 
caused by the reduction of rainfall and depletion of groundwater reserves is disrupting 
agricultural productivity, compromising hydropower generation, and limiting access to 
clean water for domestic and industrial use (Mahadevan et al., 2024). These effects burden 
developing countries where water infrastructure and management systems are often 
insufficient.  

As one of the largest and most populous islands in Indonesia, Sumatra serves as a vital 
center for agriculture, forestry, and energy production. However, the island’s hydrological 
systems are increasingly vulnerable to climate-induced perturbations. Prolonged dry 
seasons, declining rainfall in critical months, and intensified land-use changes have placed 
substantial pressure on freshwater resources (Irwandi et al., 2021). The combination of 
natural climatic variability and anthropogenic land transformation has led to periodic water 
scarcity crises that affects both rural livelihoods and urban water supplies. As climate 
change progresses, these challenges are expected to intensify, making Sumatra a priority 
region for drought projection and adaptive water management research. 

The rising frequency and intensity of drought events highlight the need for reliable and 
standardized tools to measure and monitor drought conditions. Standardized Precipitation 
Index (SPI) has emerged as one of the most widely used and internationally recognized 
indicators. Developed by McKee et al. (1993), the SPI is based solely on precipitation data, 
making it computationally straightforward and adaptable to regions with limited climate 
records. Numerous studies have demonstrated the effectiveness of SPI in various global and 
regional contexts. Research by Zeng et al. (2022) found that SPI is particularly effective in 
regions with robust drying trends such as the southwestern United States, Amazon Basin, 
Mediterranean, southern Africa, southern Asia, and Australia. In Yellow River Basin, China, 
SPI has been used to explore spatial heterogeneity in drought conditions, with precipitation 
identified as the predominant driver (Gao et al., 2024). Across Asia, SPI has been applied in 
countries such as India, Malaysia, and China to analyze drought dynamics and their 
relationship with climatic drivers like ENSO and IOD (Johny et al., 2020; Wang et al., 2022; 
Suhana et al., 2023).  

In Indonesia, SPI is operationally adopted by the Meteorology, Climatology, and 
Geophysics Agency (BMKG) for real-time drought monitoring and early-warning 
dissemination. SPI can be calculated over different timescales (e.g. 3, 6, 12 months), 
therefore allowing it to capture short-term agricultural droughts as well as long-term 
hydrological droughts (Zhang & Li, 2020). Its success in reflecting regional rainfall 
variability and correlation with agricultural yield losses underscores its applicability for 
tropical environments. SPI is therefore adopted as an effective indicator for characterizing 
meteorological drought and examining precipitation-driven variability under future climate 
scenarios. Combined with bias-corrected precipitation data from CMIP6 climate 
simulations, SPI enables a comprehensive and spatially explicit understanding of future 
drought risks under changing climatic conditions. 

In scientific projections, the Shared Socioeconomic Pathway (SSP) 5–8.5 scenario 
assumes rapid economic growth driven by intensive energy use and continued reliance on 
fossil fuels, resulting in the highest projected global temperature increase among the SSP 
scenarios (O’Neill et al., 2017). This study adopts the SSP5–8.5 as an analytical framework 
for understanding the potential severity of future drought conditions, particularly in 
tropical developing regions like Indonesia, where adaptive capacity remains limited and 
climate exposure is high (Hendrawan et al., 2024). These future scenarios are physically 
simulated using Global Climate Models participating in the Coupled Model Intercomparison 
Project Phase 6 (CMIP6), which provides the latest generation of climate projections. Recent 
studies utilizing CMIP6 projections have demonstrated improved capability in representing 
future hydroclimatic conditions, particularly in simulating precipitation variability and 
temperature-driven moisture changes that are critical to drought formation (Ukkola et al., 
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2020). Under high-emission scenarios such as SSP5–8.5, many tropical regions are 
projected to experience increases in drought frequency, intensity, and duration, alongside 
shifts in spatial distribution of drought-prone areas driven by changes in regional 
circulation and land–atmosphere interactions (Ernst et al., 2025). 

Over the past decade, research on drought in tropical regions has expanded 
significantly, with Sumatra emerging as a critical area of study due to its vulnerability to 
climate variability. The SPI and Effective Drought Index (EDI) shows that extreme droughts 
in Sumatera is heavily influenced by El Niño and positive IOD phenomena (Suhadi et al., 
2023). The Consecutive Dry Days (CDD) metric further provides insight into dry-spell 
persistence, showing an increase of approximately 1.23 days per decade on Sumatra’s 
eastern coast (Akhsan et al., 2023). Despite significant progress in drought assessment, the 
scientific understanding of future drought dynamics remains limited. Most existing studies 
have focused on historical or short-term analyses using observational or satellite-derived 
datasets that offers valuable retrospective insights but limited predictive power. 
Furthermore, past studies often analyzed droughts across broad regions without 
integrating the spatial variation of drought with its multi-temporal persistence. Therefore, 
there is an urgent necessity for research that bridges these limitations to anticipate future 
drought conditions with greater precision. 

To address this problem and close the identified knowledge gaps, this research pursues 
the following overarching objectives. First, it aims to project the spatiotemporal 
characteristics of drought across Sumatra from 2015 to 2100 using bias-corrected CMIP6 
precipitation data. Second, it seeks to identify drought-prone regions through spatial 
mapping and seasonal analysis to pinpoint areas most susceptible to intensified water 
deficits. Third, it endeavors to analyze the long-term trends and evolving patterns of 
drought to reveal how frequency, duration, and severity may shift under continued 
warming. Ultimately, this study aspires to produce a comprehensive scientific projection of 
drought in Sumatra under future climate scenarios and generating insights that are critical 
for adaptation planning, water resource management, and sustainable development. 
 
2. Methods 
 

This study focuses on Sumatra Island, located between 93°E–108°E and 8°S–8°N, 
covering an area of approximately 473,000 km² (Fig.1). Sumatra is one of the largest and 
most climatically diverse islands in Indonesia (Mareta et al., 2024). The island stretches 
longitudinally from Aceh in the north to Lampung in the south, bordered by the Indian 
Ocean on the west and the Malacca Strait on the east. Its topography is dominated by the 
Barisan Mountains, a volcanic range that forms a steep western corridor and creates a 
pronounced west–east rainfall gradient. Annual precipitation ranges from over 3,000 mm 
on the western slopes to less than 2,000 mm in the eastern lowlands, where droughts tend 
to be more persistent (Fathiyana et al., 2025). The climate is classified as humid tropical 
(Af–Am) with two primary seasons governed by the monsoon system: a wet season from 
November to April and a dry season from June to October (Liu et al., 2020). Interannual 
rainfall variability is strongly influenced by large-scale ocean–atmosphere phenomena, 
particularly the El Niño–Southern Oscillation (ENSO) and the Indian Ocean Dipole (IOD), 
both of which can suppress convection and delay the onset of the monsoon, triggering 
extended dry spells (Hadiningrum et al., 2023). 

Observational and modeled climate datasets are utilized to assess and project drought 
conditions across Sumatra for the period 2015–2100. The datasets comprise (1) daily 
rainfall observations from selected BMKG (Meteorology, Climatology, and Geophysics 
Agency) stations, and (2) monthly precipitation outputs from the Coupled Model 
Intercomparison Project Phase 6 (CMIP6), specifically the EC-Earth3 model. The 
observational rainfall data were collected from 17 BMKG stations distributed across the 
island of Sumatra, representing various climatic and topographic conditions from coastal to 
inland regions. The selected stations were chosen based on spatial coverage, data 
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continuity, and record completeness during the 2011–2014 baseline period. The 
observational data serve as the empirical reference for evaluating and correcting the bias of 
the CMIP6 precipitation data. 

 

 
Fig. 1. Study Area  

 
To ensure that the observational dataset adequately represents the spatial variability 

of rainfall across Sumatra, the selected BMKG stations encompass a wide range of 
geographic locations and elevation gradients. This spatial coverage is particularly important 
because the island exhibits substantial climatic heterogeneity resulting from complex 
topography, coastal–inland contrasts, monsoonal circulation, and the influence of large-
scale climate phenomena such as the El Niño–Southern Oscillation (ENSO) and the Indian 
Ocean Dipole (IOD). Consequently, rainfall characteristics vary considerably between 
western coastal regions, mountainous areas along the Barisan Range, and eastern lowlands, 
making representative station selection essential for reliable climate analysis. 

The use of observation stations distributed across different hydroclimatic zones also 
minimizes spatial sampling bias and improves the representativeness of the reference 
dataset used for model evaluation. Since climate models often exhibit systematic errors that 
vary geographically, observational data collected under diverse environmental conditions 
provide a stronger basis for identifying and correcting regional biases in simulated 
precipitation. This is particularly important for drought assessments, where relatively small 
errors in rainfall estimation may substantially influence drought severity classifications and 
future projections. 

Furthermore, the selection of stations with continuous and relatively complete 
observation records enhances the consistency of the bias-correction procedure and reduces 
uncertainties associated with missing data. The combination of broad spatial coverage, 
varying elevations, and reliable observational records enables the dataset to capture both 
regional and local rainfall variability across Sumatra. Consequently, the BMKG observation 
network provides a robust empirical benchmark for evaluating the performance of the 
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CMIP6 EC-Earth3 model before its precipitation outputs are applied to future drought 
projections. The geographical distribution and characteristics of the BMKG observation 
stations used in this study are presented in Table 1. 

 
Table 1.  BMKG Observation Station 

BMKG Stations Longitude (°E) Latitude (°N) Elevation (mdpl) 

Station Aceh 95.46 5.40 40 

Station Cut Nyak Dhien Nagan Raya 96.25 4.05 3 

Station Maimun Saleh 95.34 5.88 126 

Station Deli Serdang 98.56 3.50 86 

Station Aek Godang 99.45 1.55 281 

Station Binaka 97.70 1.16 2 

Station FL Tobing 98.88 1.55 10 

Station Kualanamu 98.88 3.65 23 

Station Maritim Teluk Bayur 100.37 -1.00 2 

Station Sultan Mahmud Baddarudin II 104.70 -2.89 10 

Station Sultan Syarif Kasim 101.45 0.46 39 

Station Kepahiang 102.59 -3.55 517 

Station Bengkulu 102.31 -3.87 12 

Station Depati Parbo 101.45 -2.08 782 

Station Sultan Thaha 103.64 -1.63 25 

Station Maritim Panjang 105.32 -5.47 3 

Station Radin Inten II 105.11 -5.16 94 

 
As shown in Table 1, the observation stations are distributed across the major 

provinces of Sumatra, covering a broad range of longitudes, latitudes, and elevations from 
approximately 2 to 782 meters above sea level. This spatial diversity enables the dataset to 
capture variations in precipitation associated with topographic influences, coastal–inland 
gradients, and regional atmospheric circulation patterns that characterize the island. The 
inclusion of stations located in both lowland coastal areas and elevated inland regions 
improves the representativeness of the observational dataset for regional-scale drought 
assessment. 

The comprehensive station network also provides a reliable basis for validating and 
bias-correcting the CMIP6 EC-Earth3 precipitation simulations. By comparing modeled 
precipitation with observations collected under diverse environmental conditions, the bias-
correction procedure can better account for regional climatic variability and reduce 
systematic model errors. Consequently, the corrected climate projections provide a more 
robust foundation for the subsequent drought analyses and future climate projections 
presented in the following sections. 

For future projection, this study employs monthly precipitation data from the CMIP6 
EC-Earth3 model published by the Copernicus Climate Change Service (2021) with an 
approximate horizontal resolution of 1° × 1° (~100 km). Although this resolution may not 
fully represent localized rainfall variability, it is adequate for regional-scale analysis aimed 
at identifying broader drought patterns under future climate scenarios. The performance of 
CMIP6 models in simulating extreme precipitation indices indicated that EC-Earth3 was 
among the few models that successfully reproduced both spatial patterns and inter-annual 
variability (Tang et al., 2021). Meanwhile, study by Kurniadi et al. (2022) found that the EC-
Earth3 model was highlighted for its consistent performance in simulating extreme 
precipitation indices in the region. The model data includes both the historical period 
(2011–2014) and the future projection (2015–2100) under the SSP5–8.5 scenario. A single-
model approach was adopted to focus the analysis on the high-emission SSP5–8.5 trajectory 
as a plausible worst-case scenario, thereby emphasizing the characterization of potential 
drought responses under sustained warming rather than comparing differences among 
multiple model outputs or alternative scenarios. 
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This study adopts a quantitative and spatially explicit approach to analyze and project 
drought conditions across Sumatra for the period 2015–2100. The methodology integrates 
observational rainfall data with climate model simulations by applying statistical bias 
correction and drought index computation to quantify the temporal and spatial variability 
of drought events. Observational rainfall data from BMKG stations were spatially 
interpolated to create a continuous rainfall surface that could be directly compared with 
gridded climate model outputs. The interpolation was performed using the Inverse Distance 
Weighting (IDW) method to estimates values at unsampled locations. This interpolation 
method produce a spatially continuous gridded rainfall dataset based on the distance-
weighted average of nearby observations to match the CMIP6 data structure (Fattorini et 
al., 2023). IDW is chosen because it is proven to be more reliable and efficient compared to 
another method like kriging and spline, particularly in interpolating precipitation 
(Daliakopoulos, 2021). This gridded observational dataset serves as the empirical baseline 
for model bias correction, ensuring that subsequent analyses are grounded in actual local 
rainfall conditions. 

Climate models such as CMIP6 often exhibit systematic biases which can result in 
overestimation or underestimation of rainfall magnitude and variability (Liu et al., 2023). 
Therefore, bias correction is performed using Monthly Mean Bias Correction (MMBC) 
method so that the model data can better reflect local climatic conditions. This technique 
adjusts each monthly rainfall value of the model based on the ratio of observed to modeled 
means during the historical overlap period (Jo & Pak, 2022). Once the correction coefficients 
are determined, they are applied to the projected model data for the entire period (2015–
2100). The correction factor is computed for each month using Eq. 1. 

 

𝐶𝑚 =
𝑃𝑜𝑏𝑠,𝑚

𝑃𝑚𝑜𝑑,𝑚

 (Eq. 1) 

 

where 𝐶𝑚 is the correction coefficient for month 𝑚, 𝑃𝑜𝑏𝑠,𝑚 is the observed mean 

precipitation for month 𝑚 (from BMKG interpolated data), and 𝑃mod ,𝑚 is the corresponding 

modeled mean from CMIP6 EC-Earth3 for the same period. Once the correction coefficients 
( 𝐶𝑚 ) are determined, they are applied to the projected model data for the entire period 
(2015-2100) using Eq.2. 

 
𝑃𝑚𝑜𝑑,𝑚,𝑡

′ = 𝑃𝑚𝑜𝑑,𝑚,𝑡 × 𝐶𝑚 (Eq. 2) 
 
where 𝑃mod ,𝑚,𝑡

′  is the bias-corrected precipitation for month 𝑚 at time 𝑡, and 𝑃mod ,𝑚,𝑡 

is the original model output. Although this multiplicative bias-correction approach does not 
explicitly adjust higher-order variability or extremes, it effectively reduces systematic 
deviations in CMIP6 precipitation relative to observed rainfall and ensures that the monthly 
mean of the corrected model aligns with the observed climatology while preserving 
interannual variability.  

The reliability of the bias correction was evaluated by comparing model outputs before 
and after correction using Root Mean Square Error (RMSE) and Pearson’s correlation 
coefficient (r). Validation step ensured that bias-corrected model data accurately 
represented the magnitude and variability of observed rainfall, thereby providing a robust 
foundation for subsequent SPI analysis and drought projection. The corrected precipitation 
data were then aggregated as annual total precipitation and visualized using bar charts to 
provide a preliminary insight into projected rainfall behavior. 

The results of the precipitation projection model data correction are used to calculate 
the SPI value. In this study, the 3-month SPI (SPI-3) was selected to represent short-term to 
seasonal drought conditions because of its ability to capture short-term variability, its 
applicability across different climates, and its practical utility in early warning systems and 
drought management (Cammalleri et al., 2024). The SPI was calculated for each grid point 
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across Sumatra using monthly bias-corrected precipitation data from 2015 to 2100. The 
computation of SPI involves three main steps. First, the precipitation series for each grid 
cell and each 3-month accumulation period was fitted to a Gamma distribution, as 
precipitation values are positively skewed and bounded at zero. The probability density 
function (PDF) of the Gamma distribution is defined as  Eq. 3. 

 

𝑓(𝑥) =
1

𝛽𝛼Γ(𝛼)
𝑥𝛼−1𝑒

−
𝑥
𝛽 , 𝑥 > 0 (Eq. 3) 

 
where 𝛼 is the shape parameter, 𝛽 is the scale parameter, and Γ(𝛼) is the gamma 

function. Parameters 𝛼 and 𝛽 were estimated using the maximum likelihood method. Next, 
the cumulative probability 𝐺(𝑥) is computed as Eq. 4. 

 

𝐺(𝑥) = ∫  
𝑥

0

𝑓(𝑡)𝑑𝑡 (Eq. 4) 

 
Because precipitation data often contain zero values, an adjusted cumulative 

probability 𝐻(𝑥) is derived as Eq. 5. 
 

𝐻(𝑥) = 𝑞 + (1 − 𝑞)𝐺(𝑥) (Eq. 5) 
 
where 𝑞 is the probability of zero precipitation. 

Finally, the cumulative probability 𝐻(𝑥) is transformed into a standard normal variable 𝑍 
(with mean 0 and standard deviation 1), which represents the SPI value in Eq. 6. 

 
SPI = Φ−1[𝐻(𝑥)] (Eq. 6) 

 
where 𝚽−1 is the inverse standard normal function. Negative SPI values indicate 

below-average rainfall (drought conditions), while positive values indicate wetter-than-
normal conditions. Drought occurrence was identified when SPI-3 values fell below –1.5, 
which represents severe to extreme drought conditions. The frequency of such events was 
computed on an annual basis for each grid cell to quantify temporal patterns of drought 
incidence. 

To reveal long-term temporal variability, the mean annual SPI and frequency of 
drought events (SPI < –1.5) were calculated for each year from 2015 to 2100. These time 
series were analyzed to characterize decadal-scale variability and the evolution of drought 
intensity and recurrence under the SSP5–8.5 scenario. Temporal patterns were visualized 
using line and bar charts to ilustrate fluctuations in drought occurrence across decades. 
Spatially, drought frequencies were mapped to identify regions that are most vulnerable to 
recurrent drought. Additionally, seasonal analyses were conducted for four climatological 
periods that consist of DJF (December–February), MAM (March–May), JJA (June–August), 
and SON (September–November) to assess how monsoonal transitions influence drought 
distribution. All computations were conducted using Python 3.11, with the xarray, numpy, 
and scipy.stats libraries for data handling and statistical operations. Visualization and 
spatial mapping were performed using matplotlib and cartopy. The integration of temporal 
and spatial analyses allows for a comprehensive understanding of how drought dynamics 
evolve both in time and across regions. 
 

3. Results and Discussion 
 
3.1 Data correction 
 

Bias correction is a crucial step in climate model evaluation and projection because raw 
outputs often contain systematic errors that arise from model parameterizations, coarse 
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spatial resolution, and imperfect representation of physical processes such as convection 
and orographic rainfall. Before using the CMIP6 precipitation data for drought analysis, a 
Monthly Mean Bias Correction (MMBC) was applied to adjust simulated rainfall toward the 
observed climatology derived from BMKG stations across Sumatra for the baseline period 
2011–2014.  

 

 
Fig. 2. Comparison of Uncorrected and Corrected Precipitation Model with Observation Data 

 

The uncorrected EC-Earth3 precipitation data exhibited noticeable discrepancies 
compared to observed rainfall, particularly in regions with strong topographic control over 
precipitation such as the western Barisan Mountains and coastal lowlands (Fig. 2). The 
model tended to underestimate rainfall during the wet season (DJF–MAM) and 
overestimate it during the dry season (JJA–SON). This indicates a misrepresentation of the 
monsoon’s amplitude and seasonal timing which are common in global climate models, 
especially where convective processes and complex land–sea interactions are difficult to 
simulate at coarse grid scales (Li et al., 2020; Kurniadi et al., 2022). After applying the 
correction, the model demonstrates a substantial improvement in following the observed 
rainfall pattern. The seasonal cycle becomes more consistent with observed conditions. 

Fig. 3 presents the scatter relationship between observed precipitation (y-axis) and 
bias-corrected CMIP6 precipitation (x-axis) for all monthly data points between 2011 and 
2014. The distribution of points reveals a strong positive correlation, where most values 
cluster along a near-linear trend, indicating a consistent increase in observed rainfall with 
increasing model rainfall. This pattern suggests that the bias correction process has 
significantly improved the linear relationship between the two datasets. 

 To further evaluate the effectiveness of the bias correction procedure, a statistical 
comparison between the corrected CMIP6 precipitation data and the observed rainfall 
records was performed. In addition to examining the spatial and seasonal rainfall patterns, 
the agreement between the two datasets was assessed through a scatter plot analysis. This 
approach enables the visualization of the relationship between corrected model outputs 
and observations, providing an indication of how well the bias-corrected dataset 
reproduces the magnitude and variability of observed precipitation. 
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Fig. 3. Corrected CMIP6 vs Observation Precipitation Data Scatter Plot 

 

Quantitatively, the correlation coefficient (r = 0.722) and R² = 0.521 demonstrate that 
the corrected model explains more than half of the variability in the observed dataset. 
Meanwhile, the RMSE decrease from 179.66 mm/month to 131.42 mm/month indicates 
that MMBC has successfully adjusted systematic biases without altering the underlying 
temporal pattern of the model. 
 
Table 2.  Validation Metrics 

Parameters Uncorrected model Corrected model 

RMSE 179.664 131.421 

Pearson Correlation (r) 0.323 0.722 

Coefficient of Determination (R2) 0.105 0.521 

 
3.2 Rainfall projection 
 

The projected rainfall over Sumatera that was obtained from the bias-corrected CMIP6 
EC-Earth3 dataset under the SSP5–8.5 scenario reveals interannual variability and a very 
fluctuating trend throughout the 21st century. Fig. 4 presents the spatially averaged annual 
precipitation for the period 2015–2100. Overall, the rainfall projection shows increased 
interannual variability, implying a more erratic rainfall pattern that suggests a possible 
intensification of dry years and the emergence of more frequent drought conditions. During 
the initial projection period, precipitation fluctuates markedly between approximately 
1,800 and 4,000 mm per year; meanwhile, the 10-year moving average shows a relatively 
stable rainfall trend. This stability suggests that Sumatra's rainfall regime will persist within 
its historical range in the near term, in accordance with major ocean–atmosphere oscillation 
patterns such as the El Niño–Southern Oscillation (ENSO) and the Indian Ocean Dipole 
(IOD). Similar results were reported by Misnawati et al. (2023), who found that rainfall 
changes are projected to be insignificant compared to historical data in the near future. 
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Natural rainfall variability is likely to remain dominated by ocean-atmosphere oscillations 
patterns rather than anthropogenic factors during the early 21st century (Le & Bae, 2019). 

 

 
Fig. 4. Projected Annual Total Precipitation during 2015-2100 in Sumatra based on SSP5–8.5 

 

Between 2036 and 2055, a moderate decline in rainfall is observed, with several dry 
anomalies in the mid-century period, with the moving average line decreasing to around 
2,500 mm per year. This trend coincides with the projected intensification of warming and 
a shift in the regional circulation system, which may reduce convective activity over the 
western Maritime Continent (Steffen et al., 2023). The mid-century dry anomalies could 
correspond to more frequent or prolonged El Niño events, which have historically caused 
significant rainfall deficits in Sumatra (Suhadi et al., 2023).  

Rainfall trends rose back during 2055–2075, indicated by the upward movement of the 
moving average from 2,500 to 3,400 mm/year. This period shows a partial recovery in 
precipitation totals and several wet anomalies where annual rainfall exceeds 4,000 mm. 
However, the moving average once again shows a slight gradual downward turn before 
fluctuating around 3,000 mm/year toward the end of the century, accompanied by much 
stronger interannual fluctuations compared to the early and mid-century periods. The 
amplitude of these variations becomes considerably larger, with extreme wet years 
exceeding 4,500 mm and dry years dropping close to 2,000 mm. This widening range of 
rainfall variability suggests that Sumatra’s future hydroclimate will be characterized by 
more frequent and more severe extremes rather than steady drying periods (Nurlatifah et 
al., 2024). Consequently, when droughts occur, they are likely to be more intense and 
prolonged due to deeper rainfall deficits, while wet anomalies may bring heavier rainfall 
events. 

 
3.3  Standardized precipitation index 
 

The projected three-month Standardized Precipitation Index (SPI-3) for the period 
2015–2100, derived from the bias-corrected CMIP6 EC-Earth3 dataset under the SSP5–8.5 
scenario, illustrates pronounced temporal variability and an increasing frequency of 
drought events toward the end of the 21st century (Fig. 5). The SPI-3 time series provides a 
standardized representation of rainfall anomalies, where negative values indicate dry 
periods and positive values reflect wet conditions. Figure 6 shows that the SPI-3 fluctuates 
sharply throughout the projection period and shows an alternating wet and dry conditions 
at irregular intervals. The high frequency of oscillations around the zero line is similar with 
the fluctuating trends of rainfall patterns, marked by strong interannual variability as a 
results from the influence of ENSO and IOD (Suhadi et al., 2023). 
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Fig. 5. Projected SPI-3 during 2015-2100 in Sumatra based on SSP5–8.5 

 
During the early to mid-century projection period (2015–2065), SPI-3 values oscillate 

moderately between +1.5 and –1.5 that implies a balance between wet and dry events. 
However, the late-century portions (2065–2100) display more frequent and deeper 
excursions into negative territory, with several episodes falling below –1.5, classified as 
severe to extreme droughts according to BMKG classification. This finding aligns with Sara 
et al. (2024), who projected the onset of intensified drought conditions from mid-century 
onward under CMIP6 SSP scenarios, with the late-century period characterized by more 
severe and longer dry events across tropical regions. The pattern of recurrent negative SPI 
values observed in this study is consistent with other regional and global analyses. For 
instance, Song and Chung (2025) found that extreme drought events become more frequent 
and persistent toward the century’s end across global land areas under SSP5–8.5. Similarly, 
Leerach et al. (2025) reported that future droughts in northern Thailand will occur more 
frequently but with shorter recovery intervals, indicating enhanced drought persistence 
under a warmer climate. Despite this tendency, the large interannual variability indicates 
substantial projection uncertainty. 

Although SPI is a standardized metric with a mean of zero, the temporal evolution of 
the index suggests an asymmetric distribution of extremes, with negative anomalies 
becoming more prevalent than positive ones toward the latter half of the projection period 
(Bhardwaj et al., 2025). This imbalance implies a gradual shift toward a drier baseline 
climate, even though wet anomalies continue to occur sporadically. The persistence of wet 
spikes (SPI > +1.0) in several decades, such as around 2020–2035 and 2080–2090, 
highlights that future rainfall is not uniformly declining but will manifest in short, intense 
wet events separated by prolonged dry intervals (Hasegawa et al., 2016). Such an 
alternation between intense wet and prolonged dry periods is characteristic of 
hydroclimatic intensification, a phenomenon frequently reported in recent global climate 
model analyses (Zhao & Dai, 2021). Studies by Nguyen-Ngoc-Bich et al. (2022) and Phan-
Van et al. (2022) demonstrated that under SSP5–8.5, the Indonesian region is expected to 
experience higher interannual rainfall variability, leading to a paradoxical pattern of more 
intense rainfall extremes yet longer dry spells. The SPI-3 series in Figure 6 reflects this 
dynamic, where increased oscillation amplitude indicates that both extremes — droughts 
and wet surges — may intensify simultaneously. 

The persistence of negative SPI-3 values over multiple months suggests that droughts 
will become more frequent and intense as the century progresses (Su et al., 2021). This 
amplification of drought frequency corresponds with the observed decline in projected 
rainfall discussed in the previous section. Reduced mean precipitation and heightened 
variability together lead to more frequent subnormal rainfall conditions, which are reflected 
as consecutive negative SPI-3 values (Liu et al., 2024). Significant extreme dry events are 
noticeable at irregular intervals around 2060, 2078, 2084, and 2092. Such high-severity 
drought episodes will be a feature of the late-century hydroclimate under a high-emission 

https://doi.org/10.61511/evojes.v3i1.2026.3123


Naim (2026)    98 
 

 
EVOJES. 2026, VOLUME 3, ISSUE 1                                                                               https://doi.org/10.61511/evojes.v3i1.2026.3123 

trajectory (Cook et al., 2020). The magnitude and duration of projected SPI-3 droughts in 
this study are similar to those recorded during past El Niño years, such as 2015–2016, when 
Sumatra experienced one of its most severe droughts in recent history (Phan-Van et al., 
2022). The SPI-3 projection underscores an emerging pattern of more frequent and 
prolonged meteorological droughts especially in the latter half of the century. 

 
3.4 Drought identification 
 

The identification of drought frequency across Sumatra from 2015 to 2100, based on 
the 3-month Standardized Precipitation Index (SPI3), provides a comprehensive view of the 
temporal and spatial variability of meteorological drought under the SSP5-8.5 climate 
scenario. Figure 7 presents the annual frequency of drought occurrences (SPI < –1.5) 
aggregated from all grid points across the island, while Figure 8 illustrates the spatial 
distribution of drought frequency during the projection period. Together, these 
visualizations allow for the interpretation of how droughts are likely to evolve over time 
and space in response to future climate conditions. 

 

 
Fig. 6. Projected Annual Drought Occurence during 2015-2100 in Sumatra based on SSP5–8.5 

 
As shown in Fig. 6, the frequency of drought events in Sumatra demonstrates strong 

interannual variability with noticeable multi-decadal fluctuations throughout the 
simulation period. Several peaks of extreme drought frequency are observed, particularly 
around the years 2020, 2030, 2060, and 2085, when the total number of grid cells 
experiencing severe droughts exceeds 400. These peaks indicate years dominated by 
widespread dryness across large parts of the island. In contrast, there are years with very 
few drought occurrences which suggest alternating cycles of dry and wet conditions. During 
the early decades of the projection, drought events appear more sporadic yet relatively 
intense, corresponding to transitional climate patterns under the near-future warming 
scenario. The mid-century period exhibits more frequent drought occurrences that 
consistent with the expected intensification of hydrometeorological extremes under higher 
global mean temperatures (Zhai et al., 2020). In this interval, several consecutive years 
show clustered drought frequencies, suggesting that the persistence of below-normal 
rainfall could extend over multiple seasons. Toward the end of the century, the pattern 
remains highly variable but tends to feature intense dry sequences which aligns with the 
anticipated amplification of interannual rainfall variability in tropical regions under high-
emission scenarios (Song & Chung, 2024). 

These projected fluctuations are comparable to the findings of previous studies. Zhao 
et al. (2023) reported that multi-decadal fluctuations in drought frequency are a common 
response to anthropogenic forcing superimposed on natural climate variability in the Indo-
Pacific region. Similarly, Arango et al. (2021) found that drought frequency and duration in 
Southeast Asia are modulated by interannual to decadal variability associated with ENSO 
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and the Pacific Decadal Oscillation. The pattern observed in Figure 7 thus suggests that 
Sumatra’s hydroclimatic regime will likely experience greater temporal variability with 
alternating extremes of wet and dry years becoming more pronounced in the second half of 
the century. The overall number of drought events does not follow a simple linear trend. 
Instead, the variability indicates complex interactions between anthropogenic forcing and 
natural oscillations. The persistence of drought episodes clustered within certain decades 
implies the potential influence of multi-decadal climate modes such as the Pacific Decadal 
Oscillation (PDO) or long-term ENSO cycles (Zhu & Yang, 2020). These modes may modulate 
the effects of greenhouse-gas-driven warming on precipitation anomalies across the 
Indonesian maritime continent, leading to temporal irregularities in drought frequency. 

 
3.5 Spatiotemporal drought characteristics 
 

The spatial pattern of drought frequency shown in Figure 9 highlights clear regional 
disparities across Sumatra. The southern part of the island, particularly areas between 2°S 
and 6°S such as Lampung, South Sumatra, and parts of Bengkulu, exhibits the highest 
drought frequencies, exceeding 140 events during the projection period. These southern 
regions are strongly influenced by the Australian monsoon which results in a distinct and 
prolonged dry season each year. Furthermore, extensive land use for agriculture and 
plantations, such as oil palm and rubber, may exacerbate local dryness by altering 
evapotranspiration and soil moisture dynamics (Merten et al., 2020).  

Center Sumatra, particularly the southern North Sumatra, Riau, and West Sumatera, 
shows comparatively fewer drought occurrences. This region lies within the equatorial 
rainfall zone influenced by the Intertropical Convergence Zone (ITCZ) which brings more 
frequent rainfall and mitigates drought occurrences (Jung et al., 2023). Meanwhile, northern 
Sumatra is characterized by an equatorial climate with a bimodal rainfall pattern, featuring 
two wet seasons and two relatively short dry seasons each year. Although the dry periods 
are generally brief, droughts can still occur when both dry seasons intensify during years 
influenced by large-scale climate anomalies such as El Niño (Qian, 2020). 

This spatial differentiation is also consistent with earlier drought assessments in 
Indonesia. A study by Hadiningrum et al. (2023) across the Indonesian archipelago found 
that southern Sumatra and Java are among the most drought-prone regions under future 
scenarios due to stronger seasonal rainfall concentration and a higher sensitivity to El Niño 
events. Similarly, Liu et al. (2020) reported that the southern part of Sumatra tends to 
experience greater interannual rainfall variability, which increases the likelihood of 
prolonged dry episodes. The present findings reinforce those conclusions, providing 
quantitative evidence that southern Sumatra will remain a critical hotspot for drought risk 
through the end of the 21st century. 

The integrated temporal–spatial assessment reveals that future drought regimes in 
Sumatra are projected to exhibit increased frequency and wider spatial coverage of severe 
droughts, particularly during the mid- and late 21st century. This intensification of 
meteorological stress is consistent with regional trends across Southeast Asia under SSP5-
8.5, where enhanced land–sea thermal contrasts delay monsoon onset and shorten wet 
seasons, leading to reduced soil moisture and groundwater recharge (Yahaya et al., 2024). 
Southern Sumatra, in particular, is expected to face more persistent droughts linked to 
elevated evapotranspiration and declining precipitation, exacerbating hydrological and 
agricultural stress (Su et al., 2021). The clustering of extreme SPI3 drought years indicates 
intensified interannual variability which is similar to projections in Thailand and Vietnam 
that suggest a 30–50% rise in drought frequency after 2050 (Leerach et al., 2025; Nguyen-
Xuan et al., 2025). The coherence of projected SPI trends across Sumatra, Java, and 
Kalimantan supports the interpretation that drought intensification reflects broader Indo-
Pacific climatic responses to anthropogenic forcing rather than localized anomalies (Zeng 
et al., 2022; Bhardwaj et al., 2025). 
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Fig. 7. Projected Annual Drought Frequency during 2015-2100 in Sumatra based on SSP5–8.5 

  
The seasonal analysis of drought frequency across Sumatra based on the 3-month 

Standardized Precipitation Index (SPI3) provides deeper insights into the temporal 
distribution of dryness throughout the year and its spatial variations under the SSP5–8.5 
scenario. Figure 8 to Figure 11 illustrates the spatial distribution of drought frequency (SPI 
< –1.5) for each climatological season: December–January–February (DJF), March–April–
May (MAM), June–July–August (JJA), and September–October–November (SON). These 
maps reveal clear differences in both intensity and geographical extent of drought across 
the four seasonal periods, reflecting the strong influence of monsoonal transitions and 
intertropical convergence dynamics on rainfall patterns in the region. 

During the DJF season, Sumatra experiences the lowest frequency of severe droughts 
(SPI ≤ –1.5) across the annual cycle, with all regions registering fewer than 40 events over 
the 85 years projection period (Fig. 8). This distribution suggests that the austral summer 
remains as the wettest phase for most of the island, supported by the active northwest 
monsoon that transports abundant moisture from the Indian Ocean. Even southern regions, 
such as Lampung and South Sumatra retain sufficient rainfall to prevent widespread 
drought. This relatively uniform moisture availability reflects the southward position of the 
ITCZ and strong monsoonal convection which allows DJF to function as a hydrological 
recharge period for soil and groundwater systems  (Ramotubei et al., 2025). In contrast, 
drought frequency increases in northern Sumatra during MAM, particularly particularly 
across Aceh, North Sumatra, and northern Riau, where SPI ≤ –1.5 events exceed 120 
occurrences. These regions experiences the transition between the wet northwest monsoon 
to the early dry southeast monsoon, which produces temporary rainfall deficits 
characteristic of the equatorial bimodal rainfall regime (Ferijal et al., 2025). Under SSP5–
8.5, this seasonal shift suggests an earlier onset of dry conditions and enhanced interannual 
rainfall variability linked to ENSO–IOD–ITCZ interactions (Mamani et al., 2025). 

The JJA period marks a transitional phase before the onset of the primary dry season  
with most regions register fewer than 60 drought events (SPI ≤ –1.5), indicating that 
widespread dryness has not yet developed. This pattern is consistent with broader Indo-
Pacific climate behavior, where the gradual displacement of the ITCZ and cross-equatorial 
flow delays the full establishment of the dry southeast monsoon (Lee et al., 2022). 
Nevertheless, this period acts as a precursor to the primary dry season by gradually 
reducing moisture storage under rising temperatures and evapotranspiration, thereby 
increasing vulnerability to subsequent drought intensification (Muthuvel & Qin, 2025). The 
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peak of drought occurrence emerges during SON, particularly across southern Sumatra, 
where persistent dry continental air masses and suppressed convection delay the onset of 
the wet season and produce over 120 drought events in Lampung, South Sumatra, and 
southern Jambi. These conditions correspond to the late phase of the southeast monsoon 
and are often associated with enhanced subsidence and limited rainfall recovery 
(Gebregiorgis et al., 2019). These processes explain why SON remains a climatological 
drought maximum in the southern equatorial belt, contrasting sharply with the earlier wet 
onset observed in northern Sumatra. The SON period also coincides with Indonesia’s peak 
fire period, which creates land–atmosphere feedbacks that amplify dryness during late 
monsoon transitions (Ullah et al., 2022). Under continued warming, CMIP6 projections 
indicate that intensified atmospheric drying may prolong this fire-prone window and 
reinforce drought persistence in southern Sumatra (Huang et al., 2022). 

 

 
Fig. 8. Projected Seasonal Drought Frequency during 2015-2100 in Sumatra based on SSP5–8.5  

 

The four seasonal drought maps collectively delineate a coherent hydroclimatic rhythm 
over Sumatra where drought intensity and spatial extent oscillate latitudinally throughout 
the year in response to large-scale atmospheric circulation. Droughts prevail across 
southern Sumatra during DJF and SON, reflecting the suppressed convection associated 
with the southward displacement of the ITCZ and the dominance of the southeast 
monsoon’s dry continental flow. Conversely, MAM marks a northward concentration of 
drought linked to the first dry phase of the equatorial rainfall regime, while JJA remains 
comparatively moist due to residual convective activity and transitional moisture transport. 
These shifts correspond closely to the annual ITCZ migration and its modulation by coupled 
ocean–atmosphere modes, particularly ENSO and the Indian Ocean Dipole (IOD), which 
jointly govern convection and rainfall over the Indonesian maritime continent (Ramotubei 
et al., 2025). 

The spatial coherence of these seasonal transitions highlights the integrated influence 
of tropical teleconnections, land–sea thermal contrast, and topographic modulation on 
drought distribution. CMIP6-based assessments indicate that anthropogenic warming 
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enhances the amplitude of ITCZ shifts and the persistence of dry anomalies, particularly in 
southern Sumatra where fire-prone peatlands coincide with recurrent drought peaks 
(Gillett et al., 2022). Furthermore, the future intensification of SON droughts under SSP5–
8.5 reflects a delayed monsoon onset consistent with altered Indo-Pacific teleconnection 
pathways (Fan & Meng, 2023). The projected increase in SPI ≤ –1.5 events, even during 
typically wet seasons, signals a shift toward a more variable and arid hydroclimate regime. 
Such transformations imply that Sumatra’s hydrological future will be characterized not 
only by mean drying but also by enhanced seasonal irregularity, necessitating adaptive 
land-use and water-management strategies to mitigate compounding risks of drought, fire, 
and reduced agricultural productivity (Ty et al., 2022). 

The projected seasonal variations in drought frequency have direct implications for 
agriculture, water resource management, and fire mitigation strategies. The DJF and SON 
seasons, which show the highest drought concentrations in southern Sumatra, are likely to 
experience the most severe hydrological stress and associated socio-economic impacts. 
Conversely, MAM droughts in the north could disrupt agricultural calendars and threaten 
the stability of water supply systems that rely on early wet-season inflows. Adaptation 
strategies should therefore be seasonally and regionally differentiated. In southern 
Sumatra, water storage and irrigation systems must be strengthened to buffer the dual DJF–
SON drought peaks. In northern regions, early-season drought preparedness and 
diversification of crop calendars could help mitigate MAM-related rainfall deficits. 
Moreover, since JJA represents a relatively quiescent period in terms of drought frequency, 
it could serve as an optimal window for water resource recovery and storage. 

The findings of this study should be interpreted in light of several methodological 
considerations. The analysis employs a single CMIP6 model to focus on the SSP5–8.5 high-
emission pathway  to emphasize potential drought responses under sustained warming 
climate. In addition, the SPI metric is based solely on precipitation and therefore reflects 
meteorological drought conditions without explicitly accounting for evapotranspiration or 
land-surface feedbacks. The model’s spatial resolution (~100 km) may also limit the 
representation of localized topographic influences such as those associated with the Barisan 
Mountain range. Nevertheless, this scale remains appropriate for capturing broader 
regional hydroclimatic patterns that are central to the objectives of this study. 

 

4. Conclusions 
 

Drought projections for Sumatra through 2100 under the high-emission SSP 5-8.5 
scenario indicate a fundamental shift toward a more unstable and extreme hydroclimatic 
regime. A primary finding of this study is the synthesis that the frequency and intensity of 
meteorological droughts (SPI < -1.5) will increase, particularly in the latter half of the 
century. Instead of a simple linear shift toward drier conditions, the projections reveal a 
pattern of hydroclimatic intensification, where severe yet relatively short drought periods 
will occur more frequently, interspersed with extreme wet events. This sharp increase in 
interannual variability, driven by the amplification of large-scale atmospheric circulations 
like ENSO and the IOD by anthropogenic pressures, presents significant challenges to 
predictability and water resource management. 

Spatially, this study quantitatively identifies the southern part of Sumatra—
encompassing provinces like Lampung and South Sumatra—as the most vulnerable 
regional hotspot, with a projection of over 140 severe drought events. More importantly, an 
original finding of this study is the mapping of a clear seasonal duality in drought 
vulnerability. The northern region, which has an equatorial rainfall pattern, exhibits peak 
vulnerability during the March-May (MAM) period. Conversely, the monsoon-influenced 
southern region experiences its peak drought during September-November (SON), 
coinciding with the region's peak fire season. By integrating bias-corrected CMIP6 
projections with robust SPI calculations, this study provides a scientific contribution in the 
form of a new, comprehensive, and spatiotemporally detailed understanding of future 
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drought risk. This synthesis surpasses previous historical analyses and offers key insights 
crucial for developing climate adaptation strategies and sustainable water management. 
These findings underscore the need of a non-one-size-fits-all approach for mitigation 
strategies that specifically tailored to the unique regional hotspots and seasonal 
vulnerabilities within Sumatra. 
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