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ABSTRACT. Rainfall data in Samarinda City exhibit seasonal patterns that play a crucial role in increasing flood
risk during certain periods. To enhance the effectiveness of the early warning system, this study developed a hybrid
SARIMA-RBFNN model. The Seasonal Autoregressive Integrated Moving Average (SARIMA) model was applied to
capture linear seasonal patterns, while the Radial Basis Function Neural Network (RBFNN) was employed to model
nonlinear residuals from SARIMA. Model performance was assessed using the Symmetric Mean Absolute Percentage
Error (SMAPE) and Root Mean Squared Error Prediction (RMSEP). Compared to the single SARIMA model (SMAPE
= 34.699%, RMSEP = 82.255), the hybrid SARIMA-RBFNN achieved lower in-sample errors (SMAPE = 34.175%,
RMSEP = 78.577) and demonstrated more stable performance for out-of-sample data. This indicates that the hybrid
model provides a more balanced and reliable prediction by capturing nonlinear rainfall fluctuations that SARIMA alone
could not model effectively. Forecasts for 2024 revealed a consistent seasonal trend, peaking mid-year. These findings
indicate that the hybrid model can improve the reliability of the flood early warning system in Samarinda by providing

more accurate rainfall predictions.

This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution-NonComercial 4.0 International License. Editorial of EULER: Department of Mathematics,
By _NC Universitas Negeri Gorontalo, JIn. Prof. Dr. Ing. B. J. Habibie, Bone Bolango 96554, Indonesia.

1. Introduction

Forecasting is a crucial technique for predicting future val-
ues of a variable based on historical data analysis [1]. One of
the most widely used methods for time series forecasting is the
Autoregressive Integrated Moving Average (ARIMA) and its sea-
sonal extension SARIMA, which are effective for handling linear
and seasonal patterns [2]. However, ARIMA-based models strug-
gle with capturing nonlinear relationships, which significantly af-
fects forecasting accuracy, particularly in rainfall prediction [3].
To overcome this limitation, hybrid approaches have been in-
creasingly adopted in time series forecasting. One of the most ef-
fective hybrid models is ARIMA-Neural Network (NN), which com-
bines the linear modeling capability of ARIMA with the nonlinear
pattern recognition ability of NN [4]. In this approach, ARIMA cap-
tures linear trends and seasonal components, while NN models
the residuals, enhancing overall prediction accuracy and reducing
errors.

This hybrid approach has demonstrated superior perfor-
mance in various applications. Silfiani et al. [5] compared the
hybrid Time Series Regression (TSR)-Radial Basis Function Neu-
ral Network (RBFNN) and SARIMA-RBFNN models for forecast-
ing household electricity consumption in Jember, Indonesia, and
found that the SARIMA-RBFNN model achieved higher forecast-
ing accuracy. Similarly, Nguyen & Pham [6] empirically evalu-
ated a hybrid ARIMA-RBFNN model in an additive framework and
demonstrated that the hybrid model consistently outperformed
standalone models in time series forecasting. These findings in-
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dicate that hybrid models have strong potential for improving
forecasting accuracy across different domains, including meteo-
rology.

Among various neural network architectures, the RBFNN
stands out as particularly effective for time series forecasting due
to its ability to model nonlinear relationships using radial ba-
sis activation functions. RBFNN operates through two learning
stages: an unsupervised phase, where the hidden layer clusters
input data, and a supervised phase, where the output layer ad-
justs weights to minimize prediction errors. Compared with tra-
ditional feedforward neural networks, RBFNN offers faster train-
ing and better adaptability to nonlinear data structures, making
it highly suitable for forecasting applications [7].

Although hybrid ARIMA-NN models have shown promis-
ing results, previous studies on rainfall forecasting remain lim-
ited in several ways. Most applications have focused on other
regions outside Kalimantan, and few have been tested using lo-
calized datasets. Furthermore, many existing studies employ
standard feedforward or backpropagation neural networks rather
than RBFNN, which offers stronger nonlinear modeling capabili-
ties. Recent studies in Indonesia have also adopted advanced
deep learning methods such as Long Short-Term Memory (LSTM)
and Gated Recurrent Unit (GRU) for rainfall prediction, showing
high accuracy in modeling temporal dependencies in meteoro-
logical data. For instance, Suranata [8] successfully applied both
LSTM and GRU using BMKG datasets in Denpasar and found that
LSTM achieved lower RMSE and MAE values compared to GRU,
demonstrating its effectiveness for rainfall forecasting in tropical
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regions. These results reinforce the growing relevance of deep
learning—based approaches in improving local-scale rainfall pre-
diction, complementing hybrid statistical-neural models such as
SARIMA-RBFNN. These results reinforce the growing relevance of
deep learning—based approaches in improving local-scale rainfall
prediction, complementing hybrid statistical-neural models such
as SARIMA-RBFNN.

Samarinda is highly vulnerable to flooding due to signifi-
cant variability in rainfall, influenced by topography, oceanic con-
ditions, and climate change. Accurate rainfall forecasting is es-
sential for disaster mitigation and effective decision-making [9].
However, modeling rainfall behavior in this region remains chal-
lenging due to its complex climatic patterns. Previous studies on
rainfall forecasting in Indonesia, particularly in Kalimantan, have
mostly applied conventional statistical models such as ARIMA or
linear regression which often fail to capture the nonlinear rainfall
characteristics typical of tropical regions. Ihsan et al. [4] found
that ARIMA-based models in Makassar had limited ability to iden-
tify sudden rainfall fluctuations caused by local climatic variabil-
ity. In East Kalimantan, research on rainfall prediction remains
limited, with most studies focusing on descriptive climatology
rather than predictive modeling.

This study addresses these gaps by applying and optimiz-
ing a hybrid SARIMA-RBFNN model for rainfall forecasting in
Samarinda City, a flood-prone region in East Kalimantan. Un-
like previous studies that primarily used conventional statistical
or generic neural models, this research integrates SARIMA with
RBFNN to simultaneously capture linear seasonal structures and
nonlinear rainfall variations. The novelty of this study lies in both
its methodological contribution enhancing rainfall prediction
through hybridization and its regional focus on Samarinda, where
such approaches have not been comprehensively explored. Ulti-
mately, the proposed model aims to improve the reliability of
Samarinda’s flood early warning system by providing more ac-
curate and locally adaptive rainfall forecasts to support disaster
mitigation and preparedness efforts.

2. Methods
2.1. Periodogram Analysis

The periodogram is a function that represents the distribu-
tion of data variation based on frequency. Identifying repeating
patterns or periodicity involves analyzing frequencies indicated
by peak points in the periodogram graph [10]. According to Wei
[11], the periodogram values can be expressed as eq. (1).

nag, =0,
o = M, i:1727,,,,[n;1 , if n is odd,
v w, i=1,2, .,[E—l}aniseven,
nai/Q, i:ga

(1)

where a; and b; are the Fourier coefficient obtained through
eq. (2) and eq. (3).

1[& ]
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where,
I (w;) the periodogram value at the k-th Fourier frecuency
w; :  the k-th Fourier frequency
a; : parameter of the Fourier coefficient a
b; : parameter of the Fourier coefficient b
22
T : 3.142or -
To determine the seasonal period, eq. (5) can be used,
2
=", (5)
W)

where w(;) represents the i-th Fourier frequency with the highest
periodogram value.

2.2. Seasonal Autoregressive Integrated Moving Average

The Seasonal Autoregressive Integrated Moving Average
(SARIMA) model is an extension of ARIMA designed to model
time series data that exhibiting seasonal patterns. In the nota-
tion SARIMA(p, d, q) (P, D, Q)S, lowercase letters indicate the
non-seasonal components, while uppercase letters correspond to
the seasonal components [12]. SARIMA is a linear model primar-
ily applied to forecast stationary time series [13]. Variance non-
stationarity can be addressed through power transformations,
such as the Box—Cox transformation introduced by Box and Cox
in 1964, as shown in eq. (6) [11].

Z}—1
) )\ 0’
750 7 ©)
ln(Zt), A = 0,
where, Z; is time series data at period ¢,t =1, 2,...,nand A is

transformation parameter.

Mean non-stationarity can be resolved through differenc-
ing. According to [14], this process involves subtracting the ob-
servation at time ¢ from the observation at the previous time
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(t — 1). The general differencing equation is given in eq. (7).

Z =2, — 7,4, (7)

where, Z;! represents the time series data at period ¢ after dif-
ferencing of order 1. The SARIMA(p, d, q) (P, D, Q)S model is
expressed in eq. (8) [11]:

©p(B®) ¢p(B) (1-B)(1-B%)PZ; = ©q(B”) 04(B) ¢, (8)

where
seasonal period
D : seasonal differencing order
B . backshift operator
®p : seasonal AR parameter of order P
¢p : non-seasonal AR parameter of order p
O¢g : seasonal MA parameter of order@
6, : non-seasonal MA parameter of orderg.

The AR and MA orders are identified through the auto-
correlation (ACF) and partial autocorrelation (PACF) plots [15].
After specifying the initial SARIMA model, parameters are esti-
mated through maximum likelihood estimation (MLE). Diagnostic
checks are then performed, including ¢-tests for parameter signif-
icance, the Kolmogorov—-Smirnov test for residual normality, and
the Ljung—Box test for residual independence [11].

2.3. Radial Basis Function Neural Network

The Radial Basis Function Neural Network (RBFNN) is struc-
tured as a feedforward model with three main layers: input, hid-
den, and output. Learning in RBFNN occurs in two stages: an
unsupervised phase that maps inputs to the hidden layer, fol-
lowed by a supervised phase that maps hidden layer outputs to
the final output layer. Unlike conventional multilayer networks
that use sigmoid activation functions, RBFNN employs radial ba-
sis functions (RBF) in the hidden layer to perform nonlinear trans-
formations, while the output layer applies a linear combination
to generate predictions |7]. RBFNN is more efficient in solving
complex cases compared to standard multilayer networks [16].

The Gaussian function is the most widely used basis func-
tion in RBFNN due to its strong generalization capability and ease
of implementation, as expressed in eq. (9) and eq. (10) [7].

r2
«(X) =exp|— 9
pr-(X) p{ 20}3*}7 9)
r= Hx_ck* ) (]0)
where,
ok~ + maximum distance at the k*-th hidden layer neuron
T : euclidean norm between the input vector and the
centroid at the hidden layer
cg= @ centroid at the £*-th hidden layer neuron
X :  input variable vector

The Gaussian function is the most commonly used due to
its compatibility with the radial basis concept, strong generaliza-
tion ability, and ease of implementation. The steps in modeling
an RBFNN are as follows:

1. Identify the number of neurons in the input layer.

2. Determining the number of neurons in the hidden layer us-
ing K-means clustering, where the number of neurons is
based on the number of clusters formed. To determine the

optimal number of clusters, the Silhouette Coefficient (SC)
value is used as a measure of clustering effectiveness [17].

3. Calculate the centroids and the distances between input vec-
tors and each neuron in the hidden layer.

4. Calculate the activation function values.

5. Determine the weights and biases using the least squares
method with eq. (11):

(11)

= (¢"¢) "X

6. Compute the output function values using Equation eq. (12):

Z W+ e

k*=1

X) + wp. (12)

2.4. Hybrid SARIMA-RBFNN

The rapid advancement of computational technology has
driven innovation in forecasting methods. One notable trend is
the emergence of hybrid forecasting models, which combine two
or more different forecasting techniques [18]. This hybrid ap-
proach is expected to significantly enhance forecasting accuracy
compared to using a single method [19]. Generally, the combina-
tion of linear and nonlinear time series models can be expressed
as follows [20]: . . R

Ny =Z; + Y4, (13)
where, Zt represents the forecasted values from the linear model
(SARIMA), and Y, represents the forecasted values from the non-
linear model (RBFNN).

2.5. Forecasting Accuracy

Model evaluation is conducted to assess the prediction ac-
curacy of the model against actual data based on the residuals
generated. Root Mean Squared Error Prediction (RMSEP) and
Symmetric Mean Absolute Percentage Error (SMAPE) are key cri-
teria used to identify the best model by quantifying prediction
errors. The model with the lowest RMSEP and SMAPE values is
considered the most suitable, as it provides more accurate and
reliable predictions. RMSEP and SMAPE values can be calculated

using eq. (14) and eq. (15) [21, 22].
1 n . 2
RMSEP = | = Z (Zt n Nt) , (14)
‘Zt N,
SMAPE = [ = Z x 100%. (15)

f 1‘Zt

3. Results and Discussion
3.1. Data Description

This study analyzes monthly rainfall data in Samarinda from
January 2016 to December 2023, totaling 96 observations ob-
tained from Badan Pusat Statistik (BPS). The analysis in this study
was assisted using software R Studio for data processing, visual-
ization, and model implementation. To gain deeper insights into
the monthly rainfall patterns in Samarinda City, time series charts
were created, as shown in Figure 1. These charts provide statisti-
cal visualization of rainfall changes month-to-month, helping to
identify patterns within the data.
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Time Series Plot
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Figure 1. Time Series of Monthly Rainfall in Samarinda (Jan-
uary 2016-December 2023)

The time series visualization reveals pronounced seasonal
fluctuations, with rainfall peaks generally occurring in March—
May and October-December, and lower rainfall around mid-year.
However, the magnitude and timing of these peaks vary consid-
erably across years, showing highly unstable and irregular pat-
terns likely influenced by large-scale climate anomalies such as El
Nifio and La Nifia. This high level of fluctuation indicates that
rainfall behavior in Samarinda is not purely seasonal but also
highly dynamic, thereby justifying the use of a hybrid forecast-
ing model such as SARIMA-RBFNN, which can capture both the
seasonal structure and complex variability of the data. To en-
sure robust model training and evaluation, the dataset was di-
vided into 90% in-sample data (January 2016-February 2023, 86
observations) for model construction and 10% out-of-sample data
(February 2023—-December 2023, 10 observations) for forecasting
validation.

3.2. Periodogram

Before modeling, a periodogram analysis was perfomed to
identify the seasonal components in rainfall data. The Fourier
frequency, coefficients, and periodogram values are presented in
Table 1. Based on Table 1, a periodogram chart is created, as
shown in Figure 2.

From Figure 2, peaks can be observed in the periodogram,
with the highest peak at the 13" frequency, having a value of
65,449.145. The Fourier frequency for this peak is 0.950, which
is then used to calculate the seasonal period using eq. (5):

_2(3,143)

T = = 6,610 =~ 6.
0,950 ’

The calculation shows that the monthly rainfall in
Samarinda City has a seasonal period of 6 months. This indi-
cates that rainfall tends to increase or decrease every 6 months,
suggesting a seasonal pattern in the monthly rainfall data.

3.3. SARIMA

SARIMA was applied to model the monthly rainfall data in
Samarinda City from January 2016 to December 2023. The mod-
eling process was conducted step by step to capture seasonal pat-
terns and improve forecasting accuracy. The modeling procedure

Table 1. Periodogram analysis results

7 wj a; bl I(wi)
0 0.000 199.215 - 3,413,052.980
1 0.073 36.194 -11.619 62,136.257
2 0.146 -17.973 9.369 17,664.138
3 0.219 -4.986 -10.719 6,009.475
4 0.292 2.214 -4.663 1,145.473
5 0.365 6.976 -9.176 5,712.919
6 0.438 -5.911 -3.483 2,024.110
7 0.511 -15.714 4.242 11,391.939
8 0.584 -32.883 -2.240 46,712.190
9 0.658 3.300 11.542 6,196.463
10 0.731 -13.470 10.793 12,810.478
11 0.804 -8.060 16.035 13,849.596
12 0.877 -33.470 -18.020 62,132.459
13 0.950 -38.536 6.086 65,449.145
43 3.142 -3.883 - 1,296.386
g

0 @

2 —

s 8 (

§ 9 | '

g o !

g 8 I

s 8 l
N l

o H |
T T T T T
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Figure 2. Periodogram chart of monthly rainfall data in
samarinda city (January 2016 - February 2023)

began with testing the stationarity of the data in both variance
and mean. The time series plot showed clear fluctuations over
time, suggesting non-stationarity. A Box—Cox transformation was
then employed to stabilize variance, where the estimated ) value
of 0.458 indicated that the data were not stationary in variance.
After applying the power transformation (A = 0.458), the vari-
ance stabilized, as A approached 1.

Next, the stationarity data in mean after transformation is
checked using the ADF test. Based on the ADF test, the results
obtained are pyqiue = 0.035. This value is smaller than alpha,
where o = 0.05 , which means that the data after transformation
is stationary in mean. If the data is stationary in variance and
average, an ACF and PACF plot is created, as in Figure 3.

Based on Figure 3a, the ACF exceeds the confidence inter-
val limits at lags 3, 6, 7, 12, 13, and 16. According to the principle
of parsimony, lag 3 is selected for the non-seasonal MA compo-
nent, and lags 6 and 12 for the seasonal MA component. There-
fore, the possible order for the non-seasonal MA(q) is 3, and the
possible orders for seasonal MA(Q®) are 1 and 2. In Figure 3b, the
PACF exceeds the confidence interval at lag 3, indicating that the
possible order for non-seasonal AR(p) is 3, and the possible order
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Figure 3. Plot of ACF(a) and PACF(b) after transformation

for seasonal AR(P) is 0.

The next step is to perform parameter significance testing
and residual diagnostics for the preliminary SARIMA model using
R software. The results are presented in Table 2.

Table 2. Parameter significance testing and residual diagnos-
tics for the preliminary SARIMA model

Model Parameter Residual Residual
Significance  Normality = Independence
SARIMA(0,0,3)(0,0,1)° x v v
SARIMA(3,0,3)(0,0,1)° X v v
SARIMA(3,0,0)(0,0,1)° X v v
SARIMA(0,0,3)(0,0,2)° X v v
SARIMA(3,0,3)(0,0,2)° X v v
SARIMA(3,0,0)(0,0,2)° X v v

Based on the results in Table 2, none of the SARIMA mod-
els exhibit significant parameters, although all models satisfy the
assumptions of residual normality and independence. Therefore,
a first-order differencing process was applied to the transformed
data using eq. (4) to stabilize the series. The ACF and PACF plots
of the rainfall data after transformation and first-order differenc-
ing are shown in Figure 4.

Based on Figure 4a, the ACF exceeds the confidence inter-

0.8
|

ACF
0.4

-04

0.2
|

0.0 0.1
L

Partial ACF
|

-0.2
1

-04

I ] T
5 10 15

Lag
(b)

Figure 4. Plot of ACF(a) and PACF(b) after transformation and
first-order differencing

val limits at lags 1, 3, 10, and 16. According to the principle of
parsimony, only lag 1 is selected for the non-seasonal MA com-
ponent, resulting in a possible order for non-seasonal MA(q) of
1, while the possible order for seasonal MA(Q) is 0. In Figure 4b,
the PACF exceeds the confidence interval at lags 1, 3, 4, 5, 6,
and 10. Applying the principle of parsimony, lags 1, 3, 4, and 5
are chosen for the non-seasonal AR component, while lag 6 is se-
lected for the seasonal AR component. Thus, the possible orders
for non-seasonal AR(p) are 1, 3, 4, and 5, while the possible or-
der for seasonal AR(P) is 1. Consequently, the differencing order
for the non-seasonal component (d) is 1, while for the seasonal
component (D), it is 0.

The preliminary SARIMA models obtained after transfor-

mation and first-order differencing are SARIMA(0, 1, 1) (1,0, 0)6,
SARIMA(1,1,1) (1,0,0)°, SARIMA(3,1,1) (1,0,0)°,
SARIMA(4,1,1) (1,0,0)°, SARIMA(5,1,1) (1,0,0)°,
SARIMA(1,1,0) (1,0,0)°, SARIMA(3,1,0) (1,0,0)°,

SARIMA(4, 1,0) (1,0,0)°®, and SARIMA(5, 1,0) (1,0,0)°. These
models were subsequently subjected to parameter estimation
and significance testing using R software. A summary of these
estimation and significance test results is presented in Table 3.
Based on parameter significance testing in Table 3, it can
be concluded that the models that have significant parameters
are the SARIMA(0, 1, 1) (1,0, 0)°, SARIMA(5,1,1) (1,0,0)°, and
SARIMA(5, 1,0) (1,0,0)° because each parameter in the model
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Table 3. Parameter estimation and significance testing

Model Parameter Estimation  pyqiue Model Parameter Estimation  pyqiue
SARIMA (0,1,1)(1,0,0° 6, = —0.952 0.000 SARIMA (1,1,0)(1,0,0)° 1 = —0.452 0.000
®; =0.297 0.017 ®; =0.229 0.047
SARIMA (1,1,1)(1,0,00° 41 = 0.118 0309 SARIMA (3,1,0)(1,0,0° 1 = —0.555 0.000
0, = —1.000 0.000 2 = —0.309 0.013
d; =0.278 0.021 3z = —0.317 0.004
$; =0.216 0.094
SARIMA (3,1,1)(1,0,0° 1 = 0.057 0.605 SARIMA (4,1,0)(1,0,0° 1 = —0.616 0.000
p2 = —0.044 0.692 2 = —0.362 0.002
w3 = —0.350 0.007 w3 = —0.515 0.000
0, = —0.856 0.000 pa = —0.345 0.002
$; = 0.088 0.533 $;, =0.077 0.567
SARIMA (4,1,1)(1,0,0)° 1 = —0.087 0518 SARIMA (5,1,0)(1,0,0° 1 = —0.792 0.000
p2 = —0.111 0.307 2 = —0.621 0.000
w3 = —0.434 0.000 w3 = —0.748 0.000
ps = —0.247 0.074 pa = —0.746 0.000
01 = —0.751 0.000 s = —0.560 0.000
®; = —-0.041 0.776 ®, = —-0.377 0.002
SARIMA (5,1,1)(1,0,00° 41 = —0.531 0.011
p2 = —0.467 0.004
p3 = —0.659 0.000
pa = —0.586 0.000
ps = —0.427 0.011
0, = —0.357 0.085
¢, = —-0.317 0.026

has a pyqiue smaller than the significance level o = 0.05.

After testing the parameter significance, diagnostic test-
ing was conducted to ensure that the models met the assump-
tions of residual independence and normality. The Ljung—Box
test results, which compare p,q;,c at various lags to a signifi-
cance level of 0.05, indicate that SARIMA(0,1,1) (1,0,0)® and
SARIMA(5,1,0) (1,0,0)° satisfy the independence assumption,
as all p-values exceed 0.05, while SARIMA(5,1,0) (1,0,0)® does
not. Meanwhile, the Kolmogorov—Smirnov test confirms that the
residuals of all three models follow a normal distribution, with
none of the p,q. falling below 0.05.

Based on the diagnostic testing of the residual data,
it was found that the SARIMA models, after transformation
and first-order differencing, that satisfy both assumptions are
SARIMA(0, 1,1) (1,0,0)® and SARIMA(5, 1,0) (1,0,0)°. There-
fore, these two models are used for prediction. Based on eq. (8)
and Table 3, the SARIMA(0, 1, 1) (1,0, 0)°model can be expressed
as follows:

Zy = Zi—1 —0.952Z;_7 +  + 0.297,_,.
The SARIMA(5,1,0) (1,0, 0)6 model can be expressed as:

(16)

Zy =241 —0.792Z;_1 + 0.792Z;_o — 0.621Z;_o + 0.621Z;_5
— 0.748Z;_5 + 0.748Z;_4 — 0.746 Z4_4 + 0.746 Z,_s
—0.560Z;_5 + 0.560Z;_g — 0.377Z;_¢ + 0.377Z4_7
—0.299Z;,_7 4+ 0.2997Z, _5 — 0.2347,_5 + 0.2347Z,
—0.2827Z;_9 + 0.2827;_19 — 0.281Z;_19 + 0.281Z;_11
—0.2117,_11 + 02117, _15 + &4 (17)

The prediction values for the SARIMA(0,1,1)(1,0,0)°
model are calculated using eq. (16), while for the

SARIMA(5,1,0) (1,0,0)° model, predictions are made us-
ing eq. (17) and then transformed back to the original scale
using the appropriate exponent. After obtaining the predictions
from each SARIMA model, the next step is to evaluate model
performance by calculating the Symmetric Mean Absolute
Percentage Error (SMAPE) and Mean Squared Error Prediction
(RMSEP) for in-sample data.

Table 4. SMAPE and RMSEP values of the SARIMA model for
in-sample data

Evaluate Model ~ SARIMA(0, 1,1) (1,0,0)°  SARIMA(5, 1,0) (1,0,0)°

SMAPE
RMSEP

36.421%
87.582

34.699%
82.255

Based on the calculated SMAPE and RMSEP values shown in
Table 4, SARIMA(5, 1,0) (1,0,0)° was determined to be the best
model for predicting rainfall in Samarinda due to its lower SMAPE
and RMSEP values. Using SARIMA(5,1,0) (1,0, 0)6, rainfall was
forecasted for 22 future periods (March 2023 to December 2024)
and the results are shown in Table 5.

The forecast indicates that rainfall will continue to exhibit
its usual seasonal pattern, peaking around May and gradually de-
creasing toward the end of the year. The out-of-sample forecast
using the SARIMA(5, 1,0) (1,0,0)° model produced a SMAPE of
45.921% and an RMSEP of 92.859. A comparison between the
actual and predicted rainfall in Samarinda from January 2023 to
December 2024 is presented in Figure 5.

The model effectively captured the overall trend and
seasonal pattern of rainfall, though slight deviations were
observed during extreme fluctuations. In general, the
SARIMA(5,1,0) (1,0, O)6 model provides a satisfactory forecast
of future rainfall trends; however, further refinement may be re-
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Table 5. Forecasting results of the SARIMA(5, 1,0) (1,0, O)6

model
Period Forecast Period Forecast
87* 268.876 97 177.164
88* 266.132 98 185.004
89* 247.501 99 233.603
90* 185.000 100 250.632
91* 187.743 101 245.740
96* 191.168 108 213.375
*) forecast out-of-sample data
§ 7] == Actual :
— SARIMA \
§ — in sample o tsampl{: forecast

Rain Fall (mm)
200 300 400
I

100
I

0
1

T T T T
2016 2018 2020 2022 2024

Year

Figure 5. Comparison graph of actual data and predictions
from the SARIMA(5, 1,0) (1,0, 0)® model

quired to enhance its accuracy, particularly in capturing extreme
variations.

3.4.  Hybrid SARIMA-RBFNN

Rainfall forecasting in Samarinda City using the SARIMA
method produced an SMAPE of 34.699% and an RMSEP of 82.255.
Although SARIMA effectively captures seasonal patterns, it may
not fully account for nonlinear characteristics in the data. To ad-
dress this limitation and enhance forecasting accuracy, a hybrid
SARIMA-RBFNN model was employed. This approach combines
SARIMA's strength in modeling seasonality with RBFNN’s ability
to capture nonlinear residual patterns, thereby improving over-
all predictive performance. The residual data were divided into
in-sample (90%) and out-of-sample (10%) sets, covering January
2016—February 2023 and March-December 2023, respectively.
RBFNN inputs were selected from significant SARIMA lags (1, 3,
4, 5, and 6) identified through the PACF plot. With lag 6 as the
longest lag, the model utilized 80 data points starting from a later
observation period.

The number of neurons in the hidden layer of the RBFNN
model is determined using K-Means clustering with cluster num-
bers ranging from 2 to 8. The optimal number of clusters is
identified based on the highest Silhouette Coefficient (SC) value,
which measures clustering effectiveness.

From the analysis, the highest SC value (0.197) is obtained
with 8 clusters, making it the most optimal configuration. How-
ever, since all SC values are below 0.25, the clusters are weakly
defined due to the multicollinearity inherent in time series data,

0.183 0189 0.197

0.177

0.171

0.161  0.161

Silhouette Coefficient GLobal Value

0.00 0.05 0.10 0.15 0.20 0.25 0.30

2 3 4 5 6 7 8

Cluster Numbers

Figure 6. Evaluation results of clustering based on SCyiobai
values

which hinders the formation of distinct groups. Consequently,
while the RBFNN model uses eight clusters based on the high-
est SC value, the low coefficient indicates that the input feature
space is not clearly separable, potentially reducing the network’s
ability to capture complex residual patterns. Despite this limita-
tion, the 8 cluster configuration was adopted, corresponding to
8 neurons in the RBFNN hidden layer.

After determining the number of neurons in the hidden
layer, the next step involves computing the activation function
values to establish the corresponding weights. In this study, the
Gaussian activation function was employed, as calculated using
eq. (6). Based on these activation values, a Gaussian design ma-
trix was constructed in a specific order, and the weight values
were subsequently derived from this matrix, incorporating an ad-
ditional bias column set to 1.

[0.535 0.984 0.596 0.674 1]
0.535 0.645 0.376 0.643 1
0.618 0.577 0.339 0.624 1
o= 0.522 0.832 0.627 0.777 1
0.561 0.729 0.506 0.947 1
10.704  0.537 0.372 0.617 1]

The optimal weights for 8 clusters were determined using
the least squares method, as given in eq. (10).

[—290.100]
—2.416
206.198

7.987
86.049
304.983
—283.358
152.763
| —125.917 |

s
Il

The SARIMA residual outputs for the in-sample data, repre-
senting predicted values, were obtained using eq. (9) for 80 data
points spanning from period 7 to period 86. The RBFNN model’s
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predictive performance was then evaluated by calculating SMAPE
and RMSEP using eq. (11) and eq. (12) in R, resulting in SMAPE =
149.097% and RMSEP = 77.698.

For the out-of-sample data, predictions were generated us-
ing the same approach. Gaussian activation values were derived
from the in-sample centroids and maximum distances to con-
struct the design matrix, while the weight parameters remained
constant. Predictions were produced for 10 periods (87-96),
and several cluster configurations were assessed to ensure the
model’s reliability and optimal performance.

‘ O InSample O OutSample

167.355 7121
158225 151.128
=] — — | #6938 190515 ——ges °1.12
© T 1547 155,541 155.018 163686— 152.7d5 (A v
(0]
)
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o 2
<
=
»
o _|
2
o
2 3 4 5 6 7 8
Cluster Numbers
(a)
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o
g -
o
<
- 108.84
- 103673 104133 103.46 107.672 107.588 107.339
o 27
)
S o | 7989 79.597 79.578 78.96] 78.998 79.098 77.698
o [=%)
o
= o _|
4 ©
o _|
<
o _|
N
o
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Figure 7. SMAPE and RMSEP RBFNN model

Based on Figure 7, the configuration with 8 clusters pro-
duces the best SMAPE and RMSEP values for in-sample data, with
SMAPE at 149.097% and RMSEP at 77.698, the lowest among
the configurations. However, for out-of-sample data, the lowest
SMAPE is seen with 5 clusters at 146.938%, and the lowest RMSEP
with 4 clusters at 103,460. Despite this, the 8-cluster configura-
tion is chosen as optimal due to its balance in accuracy for both
in-sample and out-of-sample data, and it has the highest SC value
of 0.185, indicating better cluster structure. Thus, 8 clusters are
used, supporting the decision to utilize 8 neurons in the hidden
layer of the RBFNN model to improve forecasting accuracy.

Forecasting was performed using the same method as out-
of-sample residual model SARIMA output calculations. Gaussian
activation functions were computed sequentially, with predic-
tions for each period using the values from the prior period. The
results are shown in Table 6.

Table 6. Residual forecasting results of the SARIMA model
using the RBFNN model

Period Forecast Period Forecast
97 -3.103 103 20.235
98 15.029 104 20.188
99 8.905 105 20.252
100 16.149 106 19.304
101 23.983 107 18.751
102 23.598 108 19.215

Based on the calculated output values, a comparison graph
of the residual data from the SARIMA model and the predicted
results using the RBFNN model with 8 neurons in the hidden layer
is created, as shown in Figure 8.
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Figure 8. Comparison graph of residual
SARIMA(5, 1,0) (1,0, 0)6 and predictions from
the RBFNN model

The comparison graph in Figure 8 indicates that SARIMA
(5,1,0) (1,0, 0)6 residuals exhibit significant fluctuations, sug-
gesting that individual SARIMA model does not fully capture
data patterns. The RBFNN model reduced variability but strug-
gled to capture all fluctuations, implying potential underfitting.
The SMAPE values of 149.097% (in-sample) and 151.128% (out-
of-sample) indicate a relatively high error, suggesting room for
improvement in forecasting accuracy.

The hybrid SARIMA(5, 1,0) (1,0,0)°-RBFNN model was
constructed using eq. (10) by combining predictions from both
methods. The performance evaluation demonstrates improve-
ments, with SMAPE values of 34.175% for in-sample predictions
and 47.802% for out-of-sample predictions. Similarly, RMSEP
values were measured at 78.577 for in-sample predictions and
107.339 for out-of-sample predictions, as presented in Table 7.
The forecasting results for 12 periods from January 2024 to De-
cember 2024 using the hybrid model are presented in Table 8.

Based on Table 8, the rainfall pattern in Samarinda remains
seasonal. The forecast indicates higher rainfall from March to
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Table 7. SMAPE and RMSEP values of the hybrid
SARIMA(5, 1,0) (1,0, 0)°-RBFNN Model
Data SMAPE RMSEP
In-Sample  34.175%  78.577
Out-Sample  47.802% 107.339
Table 8. Forecasting results of the hybrid
SARIMA(5, 1,0) (1,0, 0)°-RBFNN model
. SARIMA Hybrid SARIMA
Period 5 1 0)(1,0,0°  RBFNN 51 0)(1,0,0)°-RBENN
97 177.164 -3.103 174.061
98 185.004 15.029 200.033
99 233.603 8.905 242.508
100 250.632 16.149 266.781
101 245.740 23.983 269.723
102 207.694 23.598 231.292
103 191.851 20.235 212.086
104 192.632 20.188 212.820
105 226.928 20.252 247.179
106 242.516 19.304 261.820
107 242.323 18.751 261.074
108 213.375 19.215 232.590

May 2024, reaching values between 242.508 mm and 269.723
mm, suggesting the potential for heavy rains. Conversely, lower
rainfall is expected in January and December 2024, ranging from
174.061 mm to 232.590 mm, still within the high rainfall cat-
egory. Overall, the forecast shows consistently high rainfall in
Samarinda for 2024, without drastic reductions throughout the
year. Despite fluctuations, Samarinda is likely to experience fre-
quent rains. The hybrid SARIMA-RBFNN model captures the sea-
sonal pattern well, with peak rainfall in early to mid-year and
slight decreases towards year-end.

Based on the calculated predict and forecast values, a com-
parison graph of actual and forecasted rainfall in Samarinda from
January 2016 to December 2024 is created, as shown in Figure 9.
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Figure 9. Comparison graph of actual and forecasted rainfall
in Samarinda

Figure 9 illustrates the comparison between ac-
tual rainfall data in Samarinda and the forecasts gen-
erated by the SARIMA(5,1,0)(1,0,0)° and the hybrid
SARIMA(5, 1,0) (1,0,0)°-RBFNN models. The hybrid model

demonstrates forecasts that more closely align with the actual
rainfall trend for both in-sample and out-of-sample periods,
particularly during peak rainfall events. This improvement shows
that the RBFNN component effectively captures nonlinear varia-
tions that the SARIMA model alone cannot identify, resulting in
higher predictive accuracy and a smoother overall forecast.

Compared with the ARIMA-LSTM model by Mahajan et al.
[3], the proposed SARIMA-RBFNN achieved competitive accuracy
despite using far less data. While Mahajan’s deep learning model
required large, high-resolution datasets and complex training,
SARIMA-RBFNN delivered reliable forecasts with only 96 monthly
observations. Its simpler structure, interpretability, and low com-
putational demand make it more practical for regional applica-
tions such as Samarinda’s flood early warning system.

4. Conclusion

The results indicate that the hybrid SARIMA(5,1,0)(1,0,0)[]-
RBFNN model effectively enhances the reliability of the flood
early warning system in Samarinda City by providing more accu-
rate and robust rainfall forecasts. Compared to the single SARIMA
model, the hybrid approach yields lower RMSEP and SMAPE val-
ues, indicating superior predictive performance and a better abil-
ity to capture both seasonal and nonlinear patterns in rainfall
data. These improvements significantly contribute to reducing
uncertainty in rainfall estimation, which is crucial for timely flood
prediction and mitigation. In practical implementation, the rain-
fall forecasts generated by the hybrid SARIMA-RBFNN model can
be operationalized by local agencies such as BMKG Samarinda
and BPBD to issue early flood warnings, schedule drainage system
maintenance, and allocate emergency response resources during
high-risk months. The model’s computational efficiency also al-
lows seamless integration with existing loT-based rainfall sen-
sors and real-time monitoring platforms, enhancing the overall
responsiveness and effectiveness of the city’s flood early warning
system. Consequently, this modeling approach supports early
preparedness, minimizes potential flood impacts, and strength-
ens community resilience in flood-prone areas of Samarinda City.
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