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ABSTRACT

Support Vector Regression (SVR) is a widely used supervised machine learning technique for data
mining predictions. SVR defines a hyperplane in feature space to identify support vectors and maximize
the margin between data points. A common challenge in machine learning is overfitting, which refers
to achieving near-perfect accuracy on training data but failing to generalize unseen observations. SVR
mitigates overfitting by balancing model complexity against training error, thereby producing robust,
reliable predictions. Balikpapan, a city in East Kalimantan Province, frequently faces landslides and
floods triggered by intense rainfall. This study aims to identify the optimal SVR model for predicting
monthly rainfall in Balikpapan City. We selected the appropriate kernel using the Terasvirta test,
analyzed data from January 2014 through December 2023, and evaluated four train-test splits (60:40,
70:30, 80:20, and 90:10). The Terasvirta test indicated that a linear kernel is most suitable for this
dataset. The best-performing SVR model used a 90: 10 split with hyperparameters ¢ = 0.9 and C = 128,
yielding 24 support vectors and a bias term of 0.028. Model performance, measured by root mean
square error (RMSE) was 0.159 on the training set and 0.15 on the testing set, demonstrating strong
predictive accuracy.
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INTRODUCTION

Indonesia, an archipelagic nation with diverse climatic conditions, is frequently influenced by
the El Nifio and La Nifia phenomena (Fajri, Siregar, & Sahara, 2019). These events often result in above-
normal rainfall intensities, leading to flooding and landslides. Balikpapan, a major city in East
Kalimantan Province, has experienced both floods and landslides. Balikpapan, a major city in East
Kalimantan Province, has experienced both floods and landslides whenever rainfall exceeded typical
levels during La Nifa episodes (Badan Penanggulangan Bencana Daerah Provinsi Kalimantan Timur,
2023).

Nicknamed the “Oil City,” Balikpapan is the city’s second-largest urban center after Samarinda
and continues to expand annually in both population and infrastructure (Alaudin, Maslina, Melawardani,
& Ryka, 2022). Geographically, it borders Kutai Kartanegara Regency to the north, Penajam Paser Utara
Regency to the west, and the Makassar Strait to the east and south. The terrain is predominantly hilly,
with sloping areas along rivers and coastlines; 60.9 percent of its land lies more than 20 m above sea
level. Like much of Indonesia, Balikpapan has a tropical climate with year-round rainfall. In 2023, the
highest monthly rainfall 274.3 mm occurred in April, while August recorded the lowest at 83.1 mm.
March had the most rainy days (25), and that year saw 62 fallen-tree incidents and 54 landslides,
underscoring the hazards posed by heavy rain in hilly terrain (Badan Pusat Statistik, 2024).

Rainfall is a complex meteorological variable that is inherently difficult to predict (Refonaa et
al, 2019). Data mining techniques, which uncover patterns and relationships within large datasets, offer
a promising approach to rainfall forecasting. The five primary data mining tasks estimation, prediction,
classification, clustering, and association are central to knowledge discovery in databases and support
informed decision-making (Larose & Larose, 2015).

Support Vector Regression (SVR), an adaptation of Support Vector Machines (SVM) for
regression problems, is a robust supervised-learning method (Smola & Scholkopf, 2004). SVR has been
widely applied to prediction tasks: it constructs a hyperplane in a high-dimensional feature space
using kernel functions such as linear, polynomial, and radial basis function (RBF) to handle
both linear and nonlinear relationships while controlling overfitting (Lagat, Waititu, &
Wanjoya, 2018).

Several studies have successfully applied SVR to rainfall prediction. Prahutama and Yasin
(2015) compared linear, polynomial, and RBF kernels for weekly rainfall forecasting in Semarang,
finding that the polynomial kernel yielded the highest R? (71.61%) with p = 2 and C = 2. In Malang
Regency, Yulianto, Mahmudy, and Soebroto (2020) evaluated SVR optimized via Particle Swarm
Optimization (SVR-PSO) using linear, RBF, and analysis of variance (Anova) RBF kernels; the
ANOVA RBF produced the lowest RMSE (2.193) compared to the linear kernel (7.998) and the RBF
kernel (27.172) for a ten-day forecast in January 2019. Siregar (2022) predicts rainfall in Medan City
using SVR with an RBF kernel (C = 0.0001, y = 0.0005, € = 1), achieving an RMSE of 0.0388. Wati,
Adriyansyah, and Sulistiana (2024) compared SVR and seasonal autoregressive integrated moving
average (SARIMA) for rainfall forecasting in South Bangka. The SVR model with an RBF kernel (C =
1,000, y =235, € = 0.0001) outperformed SARIMA, yielding MAPE value of 0.015.

This study aims to identify the optimal SVR configuration and apply it to predict rainfall in
Balikpapan. To date, no research has specifically addressed rainfall prediction for Balikpapan, and our
findings will provide a valuable decision-support tool for local agencies to mitigate flood and landslide
risks.

MATERIALS AND METHODS
Support Vector Regression

Support Vector Regression (SVR) is the regression counterpart of Support Vector Machine
(SVM), producing continuous real-valued outputs. Introduced by Drucker to address regression
problems, SVR effectively mitigates overfitting and delivers strong predictive performance (Akbar et
al., 2022).

While SVM seeks to separate data into two classes, SVR fits all data points within a “tube” around
the regression function, minimizing deviations beyond a threshold &. Given training inputs x =
{x1, %5, ..., x5} € R and corresponding outputs y = {y;, V2, ..., ¥n} € R, SVR approximates the target
function by

fx)=wlx + b e))
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where wT = [w1 w, .. wq] is the weight vector, x is the vector of predictor variables, b is the bias

term, and q is the number of predictor variables (Purnama & Setianingsih, 2020).
The parameters w and b in Equation (1) are found by minimizing the regularized risk functional:
n

1
mMi/nE llw]|? + C;Eg(yi — f(x) @)

where:

Ec(yi— f(x)) = {lyi A (g) l&i :;ggll Z Z 3)

and C > 0 controls the trade-off between model flatness (small ||w]|) and tolerated deviations beyond
£.

To handle points outside the e-tube, slack variables &;, & = 0 are introduced, yielding the primal
problem:

min, Sl + cZ@,a @

subject to
yi—wlx;— b<e+§,
wix, + b—y;—<e+§,

§i,§ = 0.
The dual formulation introduces Lagrange multipliers a;, ;, resulting in
1 * * * *
max SZij=1(a —a Ma; —a)xl 2 — e Xy (@ + ") + Xy yi (" — @) (5)
[ 2044 4
subject to

Z?=1(ai - a’i*) =0and0 < a;, ai* <C.
Support vectors are those x; for which 0 < a; < C or 0 < ;" < C. The bias b can be computed
from any support vector (x;,y;) as

n
=y — Z(“i —a)x{x; L g, (6)
i=1

with “+&” if @;* € (0,C) and “—¢” if a; € (0, C).
The resulting linear SVR predictor is
n

F(0 = (@ —a) xx +b. ™

For nonlinear relationships, inputs are mapped via ¢: x = ¢@(x) into a higher-dimensional feature space.
The kernel trick replaces inner products ¢(x;) - (p(xj) with a kernel function K (xi,xj). Common
kernels include:

1. Linear

K(x;,x;) = x] x;. (®)

2. Polynomial

K(x, %) = (yalx; +7)°, ©)
where:
y > 0 is a scaling parameter,
r = 0 is a free coefficient (also called “offset”),
d is the polynomial degree.

3. RBF

K (x;,%7) = exp =yl — x;]|*), (10)
with parameters C, y, and ¢.
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4. Sigmoid
K(x;,x;) = tanh(yx] x; + 1), (11)
where:
y > 0 controls the slope of the sigmoid,
r is the offset.

The general nonlinear SVR prediction then becomes:

FO0 = ) (@ - a) K(xy 1) + b, (12)
i=1

where K may be any of the above kernels (linear, polynomial, RBF, or sigmoid) chosen to best capture
the underlying data relationships.

Terasvirta Test

The choice between a linear and a non-linear kernel is determined by testing the model’s linearity
using the Terasvirta test (Terasvirta, Linc, & Granger, 1993). The hypothesis are:
Ho : f(x;) is a linear function of x (model is linear)
Hi : f(x;) is a non-linear function of x (model is non-linear)

The test statistic is defined as:

x* =nR? (14)

where 7 is the sample size and R? is the coefficient of determination. Under the null hypothesis, x?
follows a chi-square distribution. The null hypothesis (Ho) is rejected when the y? > )((Za,d ) or if the p-

value is less than a.

Min-Max Normalization

The min-max normalization technique rescales each variable to the [0, 1] range. The normalized
value x;; is given by (Permana & Salisah, 2022):
Xig — min (xg)

*i9 = ax (x4) — min (x,) (15)
To recover the original value from its normalized form, use:
Xig = Xig (max(x,) — min(x,)) + min (x,) (16)

where:

Xig is the normalized value of the i-th observation for variable g,

Xig 18 the original value,

Min (x4) and max (x4) are the minimum and maximum of variable g, respectively.

Data Sources and Research Variables
Secondary data were obtained from the National Bureau of Statistics of the Republik of Indonesia
(BPS). Monthly rainfall data for Balikpapan spanning January 2014 to December 2023 were used as the
response variable. The predictor variables comprise air temperature, air humidity, air pressure, and wind
speed. Four train test splits: 60:40, 70:30, 80:20, and 90:10 were evaluated. The research variables are
summarized in Table 1.
Table 1. Research Variables

Symbols Variable Description Units
Y Rainfall Total rainfall in each area over a specified time. mm
X4 Air temperature Measure of atmospheric heat or cold. °C
X, Air humidity The proportion of water vapor is present in the air. %
X3 Air pressure Force exerted by the weight of air per unit area. mb
Xy Wind velocity Horizontal speed of air movement. m/sec

Data Analysis Steps
The data analysis for this study comprised the following steps:

1. Conduct descriptive statistical analysis to characterize rainfall, air temperature, relative humidity,
air pressure, and wind speed in Balikpapan from January 2014 to December 2023.

2. Perform a linearity test using the Terasvirta procedure to identify the appropriate kernel function
for the SVR model.
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98]

Normalize all variables using the min-max normalization method.

4. Split the dataset into training data and testing subsets using four different ratios: 60:40, 70:30,
80:20, and 90:10.

5. Develop an SVR model for rainfall prediction in Balikpapan employing the linear kernel
determined by the Terasvirta test.

6. Use the tuned SVR model with optimal hyperparameters to predict monthly rainfall in

Balikpapan.
7. Evaluate model performance and select the best-performing configuration based on the root mean
square error (RMSE).
8. Synthesize findings and draw conclusions regarding rainfall modeling in Balikpapan.
RESULTS AND DISCUSSION

Descriptive Statistical Analysis

Descriptive statistics were used to summarize the characteristics of the dataset and provide an
overall view of the research variables, as shown in Table 2.
Table 2. Descriptive Statistics for Data of Research Variables

Variables Mean Standard Deviation Minimum  Maximum
Y 228.66 121.65 18.5 668
X4 27.47 0.49 26.48 28.9
X, 84.53 3.43 76 91.47
X3 1,010.51 1.13 1,007.45 1,012.8
X, 3.27 1.35 1.14 6.3

Based on Table 2, the mean monthly rainfall in Balikpapan is 228.66 mm, with a standard
deviation of 121.65 mm. The highest rainfall, 668 mm, occurred in June 2019, and the lowest, 18.5 mm,
in September 2018. Monthly rainfall is displayed in Figure 1. Average air temperature was 27.47 °C,
with a standard deviation of 0.49 °C. The highest temperature, 28.90 °C, occurred in October 2015,
while the lowest, 26.48 °C, was recorded in February 2020.Mean air humidity was 84.53 percent, with
a standard deviation of 3.43 percent. It peaked at 91.47 percent in October 2020 and dipped to 76 percent
in each of September and October 2023. The average air pressure was 1,010.51 mb, with a standard
deviation of 1.13 mb. The highest pressure, 1,012.80 mb, was observed in October 2015, and the lowest,
1,007.45 mb, in December 2020. Finally, the mean wind speed was 3.27 m/s, with a standard deviation
of 1.35 m/s. The highest wind speed, 6.30 m/s, occurred in August 2019, while the lowest, 1.14 m/s,
was in January 2020.
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Figure 1. Scatter Plot of Monthly Rainfall in Balikpapan for the Period 2014-2023.
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Terasvirta Test
Before analyzing the data with the SVR method, a Terasvirta test was performed to determine
whether each model is linear or nonlinear. The hypotheses were:
Ho : The model is linear
H; : The model is non-linear.

Table 3. Terasvirta Test Results

Model df x> Xew 4y  Pp-value
fX) =a,+B1 X, +¢ 2 1814 5991 0.404
f(X)) =a, +B,X, + & 2 0332 5.991 0.847
f(X3) = a3+ B3X3 + ¢ 2 2851  5.991 0.240
F(Xy) =ay+ BsXy+ £ 20029  5.991 0.986

As shown in Table 3, for all models where air temperature, air pressure, wind speed, and air
humidity serve as predictor and rainfall as the response, the observed y? values are below the critical
value )((Za’d ) and the p-values exceed the significance level (a = 0.05). Hence, we fail to reject Hy all
models are linear, and accordingly the SVR model uses a linear kernel.

Rainfall Prediction in Balikpapan
1. SVR Model with 60:40 Data Split

Using a 60:40 split yields 72 training samples (60% of the 120 observations) and 48 testing
samples. The resulting SVR model is:

72
f(x) =) (a,— ap*) (xpxh) + 0.084.

The optimal tuning parameters are € = 0.7 and C = 16. This model uses 27 support vectors and has a
bias term b = 0.084.
2. SVR Model with 70:30 Data Split

With a 70:30 split, there are 84 training samples (70%) and 36 testing samples (30%). The fitted
model is:

84
f(x) =) (a, —a,") (xpxh) + 0.039.

The best parameters from tuning are € = 0.9 and C = 16. This configuration yields 22 support vectors
and a bias b = 0.039.
3. SVR Model with 80:20 Data Split
An 80:20 split uses 96 training samples (80%) and 24 testing samples (20%). The model is:
96

flx) = Z(an — a,*) (xpxh) + 0.011.
n=1
Optimal parameters here are € = 0.9 and C = 512. This version uses 23 support vectors and has a bias b
=0.011.
4. The SVR Model with 90:10 Data Proportion
With 108 training samples (90%) and 12 testing samples (10%), the model becomes:
108

f(x) = Z(an —a,") (xp,x%) + 0.028.
n=1

The chosen tuning parameters are € = 0.9 and C = 128. This final model uses 24 support vectors and has
a bias b = 0.028.

Evaluation and Selection of the Best Model
The RMSE metric was used to select the best SVR model from the four train—test split

configurations, as shown in Table 8.
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Table 8. RMSE Comparison

Train-Test Split RMSE
60:40 0.163
70:30 0.153
80:20 0.158
90:10 0.150

As Table 8 shows, the SVR model with a 90:10 split achieved the lowest RMSE and was
therefore selected as the best model. The predictions on the test set for this model are presented in Table
9.

Table 9. Test Set Predictions of 90:10 Split

No Prediction Value No Prediction Value
1 237.338 7 210.555
2 318.861 8 134.606
3 256.346 9 70.268
4 216.190 10 17.333
5 166.847 11 135.208
6 216.291 12 128.080

CONCLUSION

Support Vector Regression (SVR) is a robust machine learning method for rainfall prediction in
Balikpapan, demonstrating high accuracy. Four different training-to-testing data splits were assessed
(60:40, 70:30, 80:20, and 90:10) to determine optimal model performance. The selection of the SVR
kernel function was guided by the Terasvirta test, which identified the linear kernel as the most suitable.

The best SVR model utilized a 90:10 data split with hyperparameters set at € = 0.9 and C = 128,
resulting in 24 support vectors and a bias term of 0.028. The model exhibited strong predictive
performance, as evidenced by root mean square error (RMSE) values of 0.159 for the training set and
0.15 for the testing set. The close alignment between training and testing RMSE values indicates that
the model generalizes well without overfitting.
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