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ABSTRACT 

In the present work, the Support Vector Regression (SVR) model was employed to predict monthly rainfall 

amounts in the Krueng Pase Watershed, Indonesia, for the period 1992-2020. The meteorological factors 

considered were: the number of rainy days, temperature, humidity, solar exposure, and wind velocity. 

Three SVR kernel functions were applied (linear, Radial Basis Function (RBF), and polynomial). A 

comparison was conducted using an 80/20 training-testing split together with a grid search for 

optimization. The model performance was evaluated by means of the Root Mean Square Error (RMSE) 

and the coefficient of determination (R2). The results indicated that the polynomial kernel exhibited the 

best performance with an RMSE of 57.71 mm and R2 = 025. The Kendall-Tau analysis revealed that the 

number of rainy days and humidity were the most significant positive predictors, whereas temperature 

and solar exposure had negative impacts. The moderate predictive skill indicated that large-scale climatic 

drivers were missing, yet it confirmed that SVR provides a strong, data-driven method for regional rainfall 

forecasting. 
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I. INTRODUCTION 

Climate change is a global phenomenon that significantly 
affects both environmental and hydrological systems. High 
atmospheric moisture and precipitation levels are some of its 
consequences worldwide. In particular, global warming has 
contributed to the melting of polar ice caps, leading to rising 
sea levels and subsequent coastal flooding [1]. 

Regarding the frequency and intensity of extreme rainfall 
events, both the quantity and quality of available water is 
influenced [2]. The direct effects of climate change are caused 
by changes in precipitation and temperature, while changes in 
plant physiology represent indirect effects. For example, rising 
temperatures may reduce streamflow by increasing 
Evapotranspiration (ET), although in some cases this can be 
controlled by an increased annual precipitation. 

Rainfall, one of the primary climatic variables, plays a key 
role in water resource management. Accurate rainfall 
prediction is essential for ensuring adequate water supply for 

agriculture, human consumption, and flood prevention. In 
practice, it is useful for flood early warning, reservoir 
operation, and irrigation scheduling, thereby linking forecasting 
directly to hydrologic decision-making and disaster 
preparedness [3-5]. Various models have been developed to 
predict the rainfall patterns with successful results, such as the 
Seasonal Autoregressive Integrated Moving Average 
(SARIMA) [6]. However, traditional linear models like linear 
regression have usually been insufficient when incorporating 
variables like temperature, humidity, and solar exposure [7]. 

To address these limitations, Machine Learning (ML) 
models, including Support Vector Machines (SVMs), have 
been widely adopted. SVMs, introduced by Vapnik in the late 
1960s, are Artificial Intelligence (AI) methods well-regarded 
for their effectiveness in pattern recognition, optimization, and 
generalization. A major strength is their training process, in 
which convex optimization problems need to be solved to 
obtain optimal solutions. Additionally, SVM employs the 
principle of inductive learning, which minimizes the structural 
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risk to achieve a balance between model complexity and 
generalization performance on unseen data. 

SVM gained attention in 1995 with applications in both 
classification - known as Support Vector Classification (SVC) - 
and regression, referred to as SVR [8]. SVR is utilized for 
solving nonlinear regression problems with large datasets and 
continuous outputs [9]. It basically mitigates overfitting while 
producing accurate estimations. Recent applications of SVR in 
environmental modeling tasks, such as urban heat estimation, 
have revealed that when equipped with proper kernel functions 
and tuned hyperparameters, the model can achieve high 
performance in non-linear systems [10]. 

Watersheds are vital for maintaining the stability of 
regional water supplies. Any alterations within them, especially 
those driven by climate changes, can significantly influence the 
discharge patterns on both seasonal and annual timescales [11, 
12]. Among these changes, inter- and intra-annual rainfall 
variability (e.g., ENSO/IOD/MJO-related) plays a major role in 
shaping the seasonal discharge characteristics [13]. For these 
reasons, it is important to analyze the hydrological behavior of 
specific watersheds, such as the Krueng Pase, in order to better 
understand these dynamics. 

Previous studies on rainfall distribution in Indonesia have 
indicated significant spatiotemporal clustering, reflecting a 
high variability in precipitation patterns that must be captured 
in predictive modeling [14]. As a result, a great amount of 
research focuses on the assessment of the climate change 
effects on river discharge. The turning of rainfall forecasts into 
useful watershed information, such as predicting months with 
high flows for flood preparedness, defining criteria for 
releasing water from reservoirs, and planning irrigation, could 
create a direct link between forecasting and management 
results [15, 16]. 

The Krueng Pase River, which serves as a critical water 
source for irrigation, is heavily influenced by the physical and 

environmental characteristics of its surrounding watershed. 
During periods of high rainfall, it is prone to overflowing, 
causing damage to nearby residential areas. This flooding is 
further intensified by the river’s naturally meandering course 
and its gentle slope, both of which slow the water flow and 
increase the flood risk during intense rain events. Water 
resource management remains a significant concern as the 
inadequate control of the water flow can disrupt agriculture and 
endanger local communities. Moreover, the area's agricultural 
sector is highly dependent on water availability, and 
mismanagement can lead to both drought and excessive runoff. 
Similar challenges have been observed in other flood-prone 
watersheds in Indonesia, where spatial risk assessments and 
hydrological modeling have proven essential for mitigation 
planning [15]. In this context, reliable monthly rainfall 
estimates are useful for predicting the risk of flooding, 
allocating water to agriculture, and informing community 
early-warning practices in the Krueng Pase watershed. 

This study aims to analyze the characteristics of the rainfall 
patterns and the factors influencing these changes within the 
Krueng Pase Watershed, located in North Aceh Regency. SVR 
was selected to examine the relationship between rainfall and 
its influencing variables, including the number of rainy days, 
temperature, humidity, solar exposure, and wind velocity. 

II. RESEARCH METHODS 

This study was conducted in the Krueng Pase Watershed, 
located between 5°09'12"-4°49'25" North Latitude and 
96°51'27"-97°14'55" East Longitude, involving areas within 
Lhokseumawe City, North Aceh District, and Bener Meriah 
District (Figure 1). Meteorological data were obtained from the 
Meteorology, Climatology, and Geophysics Agency (BMKG), 
consisting of the monthly rainfall amount (mm), number of 
rainy days (days), and monthly mean values of temperature 
(°C), humidity (%), solar exposure (hours/day), and wind 
velocity (knots), for the period of January 1992 to December 
2020. 

 

 

Fig. 1.  Map of the Krueng Pase watershed area as the research location. 
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The research methodology comprised some key stages:  

 Descriptive statistical analysis to examine the central 
tendency, dispersion, and distribution characteristics of 
each variable. 

 Data preprocessing, including the handling of missing 
values and normalization. 

 Correlation analysis using the Kendall-Tau method to 
identify the relationships between rainfall and climatic 
variables. 

 Multicollinearity testing to ensure the independence of the 
predictors. 

 Development of a predictive model using SVR to estimate 
rainfall based on the selected climatic predictors. 

The dataset was divided into two parts: 80% for training 
and 20% for testing. 

All meteorological variables were subjected to a 
preprocessing stage to ensure data quality and numerical 
stability. The missing values were handled by linear 
interpolation for gaps shorter than three consecutive months, 
while longer gaps were excluded from the analysis. To 
standardize the predictors and improve kernel computation, all 
input variables were normalized using Min-Max scaling to the 
range [0, 1], as defined by: 

�� = ������
��	
�����    (1) 

where X is the original observation, ���
  and ����  are the 
minimum and maximum values of the variable, respectively, 
and ��  is the normalized value. This transformation ensured 
that no single variable dominates the regression process due to 
differences in measurement scales. 

The target variable (monthly rainfall amount in mm) was 
retained in its original scale during model training and 
evaluation to preserve physical interpretability. However, for 
the purpose of generating partial residual plots, a natural 
logarithmic transformation of the rainfall values was applied. 
This step was implemented only in the visualization stage to 
enhance interpretability by stabilizing variance and 
emphasizing nonlinear relationships between the predictors and 
the response. All analyses used Python 3.10, scikit-learn 1.2.2, 
NumPy 1.26, pandas 2.1, statsmodels 0.14, matplotlib 3.8. 
Seeds were fixed and scalers fit on training folds only. 

A. Kendall-Tau Correlation Analysis 

The Kendall rank correlation analysis was used to identify 
the relationships and test hypotheses between two or more 
variables, particularly when the data were ordinal or ranked 
[17]. This method is applicable for analyzing samples larger 
than 10 and can be extended to calculate partial correlation 
coefficients. The equation used for Kendall rank correlation τ is 
[18]: 

� = 2 � �����
�������    (2) 

where �� is the number of concordant pairs, �� is the number 
of discordant pairs, and N is the sample size. For large sample 

sizes (N > 10), τ is approximately normally distributed. The test 
statistic is calculated using: 

� = � !�!�"#�
$ �����      (3) 

The null hypothesis (%&) of no relationship between the two 
variables is rejected if the p-value is less than a significant level 
of 5% (α = 0.05). 

B. Support Vector Regression 

SVR was employed to model the relationship between the 
response variable and the selected climatic predictors. It is an 
extension of SVM mainly used for regression tasks, by 
estimating a function that maps the predictors to the target 
variable within a specified margin of error while minimizing 
model complexity [19-21]: 

'�(� = )*+�(� + -    (4) 

where +�(� maps the input features into a higher-dimensional 
space, w is the weight vector, and - is the bias term. 

The residuals are defined as: 

/ = 0 − '�(�     (5) 

SVR uses an 2-insensitive loss function, where deviations 
within ± 2 from the actual value are tolerated and not penalized 
[22]: 

3450, '�(�7 = 8 0, :' ' ∣ 0 − '�(� ∣≤ 2
|0 − '�(�| − 2, o?ℎA/):BA (6) 

The optimization objective was to minimize the flatness of 
the regression function and penalize deviations outside the 2 
margin. The SVR optimization problem was formulated as 
shown in (7)-(10), where the objective function and constraints 
defined the 2 -insensitive loss with slack variables: 

min �
! ‖)‖! + ℂ ∑ �I� + I�∗�K�L�    (7) 

subject to the constraints: 

0: − )*+�(�� − - ≤ 2 + I:   (8) 

)*+�(�� + - − 0� ≤ 2 + I�∗   (9) 

I� , I�∗ ≥ 0     (10) 

where I: and I�∗ are slack variables that allow for errors beyond 
the 2  margin, and C > 0 is a regularization parameter that 
controls the trade-off between the model complexity and 
tolerance for error. 

C. Kernel Function 

The kernel method involved four key aspects. Initially, the 
data were mapped into a Euclidean feature space, followed by 
the search for linear relationships within this feature space. 
Third, when implementing the algorithm, only the inner 
products between the vectors in the feature space were 
required. Finally, these products were efficiently computed 
directly from the original data using what is known as the 
kernel function, a technique commonly referred to as the kernel 
trick [23]. In this study, three kernels were used to define +�(�: 
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 Linear Kernel: Used to model the linear relationships 
between variables: 

N5(� , (O7 = (�*(O    (11) 

 Polynomial Kernel: A non-linear kernel that can model 
more complex patterns with varying degrees: 

N5(� , (O7 = 5P(�*(O + /7� (�*   (12) 

 RBF Kernel: Kernel suitable for capturing the non-linear 
relationships by mapping data into higher-dimensional 
spaces: 

N5(� , (O7 = exp �−PT(� − (OT!�   (13) 

These kernel functions allowed SVR to capture various 
types of relationships between the climatic variables and 
rainfall. Parameter tuning was conducted using a grid search to 
identify the optimal values for U, 2, and kernel-specific 
parameters, such as P and polynomial degree V. 

D. Model Selection 

RMSE was used to evaluate SVR performance [24]: 

WXYZ = [�

 ∑ �0� − 0\��!
�L�    (14) 

The SVR model with the lowest RMSE on the test dataset 
was selected as the best model for rainfall prediction. 

III. RESULTS AND DISCUSSION 

A. Statistical Descriptive of Data 

The descriptive statistics for the Krueng Pase Watershed 
(1992-2020) indicated large month-to-month variation in 
rainfall. As shown in Table I, the monthly rainfall amount 
exhibited a mean of 118.3 mm and a high standard deviation of 
89.45 mm. The distribution was positively skewed (1.53) with 
leptokurtic characteristics (3.16), implying frequent extreme 
rainfall events. 

TABLE I.  DESCRIPTIVE STATISTICS OF METEOROLOGICAL VARIABLES IN THE KRUENG PASE WATERSHED (1992–2020)  

Variable Mean Standard deviation Median Skewness Kurtosis 

Rainfall (mm/month) 118.3 89.45 93.7 1.53 3.16 

Number of rainy days (days/month) 14.557 5.691 14 0.15 -0.55 

Temperature (°C) 26.782 1.125 26.7 2.66 13.28 

Humidity (%) 81.338 3.876 81.19 -0.18 -0.14 

Wind velocity (knots) 125.27 54.55 120 1.48 5.28 

Solar exposure (hours/day) 6.2704 1.2514 6.4 -0.57 0.93 
 

The number of rainy days was more stable, averaging 14.56 
days per month with near-symmetric distribution, reflecting 
typical wet-season patterns. Temperature displayed high 
skewness (2.66) and kurtosis (13.28), pointing to rare but 
intense heat events. In contrast, humidity was more normally 
distributed, demonstrating year-round atmospheric moisture 
stability conducive to precipitation. The wind velocity and 
solar exposure varied from moderate to high. The average wind 
velocity was 125.27 knots, and solar exposure was 6.27 h/day. 
Both factors affected evaporation and convective processes. 

B. Correlation Analysis 

Kendall Tau correlation coefficients (Figure 2) were 
computed to assess the monotonic relationships between 
rainfall and its influencing variables. Only the statistically 
significant Kendall's τ values (p < 0.05) were visualized. 
Rainfall was positively correlated with the number of rainy 
days (τ = 0.401) and humidity (τ = 0.323), suggesting that 
increased rainfall was generally associated with more frequent 
wet days and elevated moisture levels. Meanwhile, negative 
correlations were observed between rainfall and temperature (τ 
= - 0.204) and solar exposure (τ = - 0.235), meaning that drier 
and sunnier conditions typically reduced rainfall accumulation. 
The wind velocity showed no significant relationship with 
rainfall, implying a limited direct influence. These findings 
aligned with prior work in tropical monsoon regions, where the 
rainfall patterns were more closely influenced by the thermal 
uplift, humidity, and cloud cover rather than surface winds [25, 
26]. 

 

Fig. 2.  Kendall’s τ correlation heatmap between monthly rainfall (mm) 

and predictors (1992–2020). Only statistically significant τ values (p < 0.05) 

were depicted. 

C. Model Diagnostics 

To ensure reliable regression modeling, a multicollinearity 
test was performed. All variables exhibited Variance Inflation 
Factor (VIF) values below 10, confirming the absence of 
multicollinearity. Residual diagnostics were contacted using a 
Residuals versus. The fitted plot (Figure 3) revealed mild 
curvature and scattered outliers, suggesting potential 
nonlinearity in the data. The residual pattern implied a violation 
of the linearity assumption and the presence of 
heteroscedasticity. 
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Fig. 3.  Residuals versus fitted. 

D. Partial Residual Analysis 

Partial residual plots (Figure 4) were used to explore the 
marginal relationship between each predictor and the log-
transformed rainfall response, adjusting for the effects of other 
variables. This transformation was applied only for 
visualization purposes to improve interpretability and reveal 
potential nonlinear patterns. 

The plot for the number of rainy days demonstrated a 
strongly upward curve, suggesting a nonlinear positive 
influence. Temperature showed a flatter trendline, indicating a 
relatively weaker effect. Humidity and wind velocity exhibited 
slightly nonlinear patterns, with the former showing a 
consistent positive trend and the latter displaying a modest 
nonlinear effect despite its negative overall correlation. Solar 
exposure displayed a downward trend with mild curvature, 
reinforcing its negative relationship with the response. These 
patterns confirmed the existence of nonlinear effects. 

The correlation structure, multicollinearity test, and residual 
diagnostics collectively revealed that, although the selected 

predictors were statistically valid and relevant, their 
relationships with rainfall deviated from strict linearity. These 
findings supported the use of SVR to explore the nonlinear 
predictor-response patterns through kernel functions. 

E. Support Vector Regression Analysis 

SVR models were developed using three kernel functions 
for the prediction of the monthly rainfall amount (mm). 
Hyperparameter optimization for each function was conducted 
using a grid search approach, focusing on minimizing the 
RMSE and maximizing the coefficient of determination (R2) on 
the training dataset. 

The SVR model with a linear kernel, using a cost parameter 
(C) of 1, produced an RMSE of 60.78 mm and an R2 value of 
0.22. This indicated a limited ability to capture the nonlinear 
characteristics evident in the data. In contrast, the RBF kernel 
achieved better performance with a minimum RMSE of 59.21 
mm and an R2 of 0.21 when the gamma parameter was set to 
0.07 and the cost parameter to 0.25. This improvement 
reflected the RBF’s ability to map data into higher-dimensional 
space, thus better modeling the underlying nonlinear patterns 
[27]. 

Among all tested configurations, the polynomial kernel 
performed better. The optimal configuration - gamma of 0.10, 
cost of 1, and a polynomial degree of 1 - yielded an RMSE of 
58.71 mm and an R2 value of 0.25. This superior behavior 
confirmed the polynomial kernel’s flexibility in capturing both 
the linear and nonlinear relationships, which aligned with the 
diagnostic findings from the residual analysis and partial 
residual plots. Prior applications of SVR agreed with these 
findings as they showed improved predictive performance, 
including flash-flood forecasting [15], environmental 
monitoring [19], and time series forecasting in commodity 
markets [23]. 

 

 

Fig. 4.  Partial residual plots for each predictor using log-transformed rainfall. 
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Using permutation importance, the number of rainy days 
and humidity ranked as the most influential predictors, while 
temperature and solar exposure showed smaller negative 
contributions; wind velocity exhibited minimal importance. 
This ranking was consistent with the Kendall-Tau correlation 
analysis emphasizing the dominant role of humidity and 
rainfall frequency in shaping the precipitation outcomes. 

F. Final Model Selection and Testing Accuracy 

Model generalizability was assessed using independent test 
data. Table II presents a comparison between the SVR kernel 
functions based on RMSE. The polynomial kernel achieved the 
lowest RMSE (57.71 mm), followed by the linear (57.85 mm) 
and the RBF (58.09), confirming its suitability for predicting 
the monthly rainfall amount in the Krueng Pase Watershed.  

TABLE II.  COMPARISON OF SVR KERNELS BASED ON 
TEST SET RMSE 

SVR kernels RMSE (mm) 
Linear 57.85 

RBF 58.09 

Polynomial 57.71 
 

To further ensure the validity of these results, 5-fold cross-
validation tests were conducted. The cross-validation yielded a 
relatively small standard deviation of RMSE (± 1.2 mm), 
confirming the consistency of the model’s performance. The 
residual analysis on the test dataset showed a random 
dispersion around zero without a systematic pattern, although 
several outliers were observed during extreme rainfall months. 
This was consistent with the moderate R2 values (~ 0.21-0.25), 
which suggest that additional explanatory variables beyond 
those included in this study may matter. Furthermore, a paired 
t-test on the RMSE differences across kernels indicated no 
statistically significant differences at α = 0.05, implying that 
the advantage of the polynomial kernel is relatively small in 
practical terms. 

Even though a complex SVR model with a polynomial 
kernel was used, the low predictive skill (R2 = 0.2) for the 
monthly rainfall arose because monthly-averaged local 
meteorological variables are not reliable indicators of the sub-
monthly convective thresholds and large-scale climate drivers 
that fundamentally govern precipitation accumulation in the 
region [28, 29]. The model inputs may not include key signals 
from major processes like the Madden-Julian Oscillation and 
the Indian Ocean Dipole. As a result, the model struggles to 
capture the complex and changing relationships needed for 
accurate prediction. 

G. Summary, Implications, and Limitations 

This study concluded that SVR could be an effective 
method for predicting the monthly rainfall amount in the 
Krueng Pase Watershed. Among the three kernel types 
evaluated, the polynomial kernel consistently produced the 
lowest RMSE values in both the training and testing phases, 
indicating superior model performance in capturing the 
nonlinear relationships among meteorological variables. 

The ability of SVR to accommodate both linear and 
nonlinear structures made it a valuable tool for regional water 

resource planning, early warning systems, and climate-resilient 
agricultural decision-making. Comparable SVR applications in 
tropical/monsoonal settings reported similarly modest 
explanatory power for the monthly rainfall amount. For 
example, in northwest India, it was found that an RBF-kernel 
SVR performed best, whereas in the current case, the 
polynomial kernel yielded the lowest error [30]. This 
consistency across regions underscored the inherent difficulty 
of predicting month-aggregated rainfall in the tropics. 

However, there are several limitations. First, the model’s 
performance still yielded relatively moderate R2 values, 
suggesting that additional unexplained variance remains. This 
could be attributed to unmeasured environmental variables, 
such as ET, land cover, or sea surface temperature, which were 
not included in the analysis. Second, while SVR is effective for 
small- to medium-sized datasets, its computational cost 
increases significantly with larger datasets, which may limit 
scalability in operational settings. At the same time, this study 
used static hyperparameter tuning via grid search. Adaptive or 
automated optimization methods, such as Bayesian 
optimization, may further enhance performance. Finally, model 
interpretability remains a challenge in SVR, particularly for 
stakeholders who require transparency in prediction logic for 
policy or disaster mitigation planning. 

IV. CONCLUSION 

This study applied Support Vector Regression (SVR) to 
predict the monthly rainfall amounts in the Krueng Pase 
Watershed. The dataset consisted of meteorological data, such 
as the number of rainy days, temperature, humidity, solar 
exposure, and wind velocity for the period of January 1992 to 
December 2020. The modeling framework included data 
preprocessing, Kendall-Tau correlation analysis, 
multicollinearity tests, as well as model testing with three 
kernel functions (linear, Radial Basis Function (RBF), and 
polynomial). 

The findings revealed that rainfall distribution had 
significant variations over time and nonlinear relationships 
with climate variables. Among the different SVR models, the 
polynomial kernel exhibited the lowest Root Mean Square 
Error (RMSE) of 57.71 mm and an R2of 0.25, thus surpassing 
both linear and RBF kernels in terms of performance. Besides, 
model diagnostics and partial residual plots indicated that non-
linear relationships - especially the one between rainfall and 
humidity - were much more effectively captured by the 
polynomial kernel. 

Future studies should consider incorporating additional 
spatial and temporal predictors, testing ensemble or hybrid 
models, and evaluating model interpretability to enhance the 
usability of Machine Learning (ML) methods in environmental 
planning and disaster resilience efforts. 
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