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Abstract

High exposure to ultraviolet (UV) radiation in Banda Aceh poses significant risks to public
health and the environment. Daily forecasts of UVA, UVB, and maximum temperature are
important for climate planning. But current models often overlook daily changes in
tropical regions or fail to incorporate them into their forecasts. This study develops a
climatologically informed SARIMA framework incorporating a semiannual seasonal
structure (s = 180) to model ultraviolet radiation and temperature dynamics in an
equatorial tropical region. The variables used were UVA (W/m?), UVB (W/m?3), and
maximum temperature (°C) in Banda Aceh during the period December 2018-July 2024.
The SARIMA method was applied after data pre-processing, such as Box-Cox
transformation that stabilizes the variance (A = 1) and seasonal differencing (s = 180 days)
to overcome non-stationarity. Model identification using ACF/PACF plots, with diagnostic
tests (Ljung-Box white noise test, Shapiro-Wilk normality test) and accuracy metrics
(MAPE, MASE, BIC, and AIC) for optimization. SARIMA(1,0,2)(1,1,0)*®° was selected as the
optimal model for all variables. The selected SARIMA models yielded MAPE values of
18.93% (UVA), 0.48% (UVB), and 13.03% (temperature), indicating that the selected
SARIMA specifications were able to capture the dominant temporal patterns observed in
the analyzed dataset. The peak values for March-April 2025 were predicted to be 17.69
W/m? (UVA), 0.69 W/m? (UVB), and 31.85°C.
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1. Introduction

consistently exceed 34°C indicate significant solar
exposure, which is directly associated with elevated levels

As a tropical region located near the equator, Banda Aceh
experiences high solar radiation intensity throughout the
year, including substantial exposure to ultraviolet (UV)
radiation. According to data reported by the Indonesian
Meteorological, Climatological, and Geophysical Agency
(BMKG), Banda Aceh is among the regions with the
highest air temperatures in Indonesia. This condition is
primarily attributed to its geographical location within the
tropical zone and relatively low cloud cover during certain
periods, allowing solar radiation to reach the Earth’s
surface more intensively. Air temperatures that

DOI: 10.60084/ijds.v4i1.401

of ultraviolet radiation.

Ultraviolet radiation consists of Ultraviolet A (UVA),
Ultraviolet B (UVB), and Ultraviolet C (UVC), with UVB
having the most significant biological impact on human
health. Excessive UV exposure can lead to skin damage,
premature aging, immune system suppression, and an
increased risk of skin cancer [1]. Beyond health
implications, extreme UV radiation can also disrupt
agricultural productivity and accelerate the degradation
of building materials [2]. In the context of climate change
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and ozone layer depletion, understanding both daily and
seasonal fluctuations of UV radiation has become
increasingly important, particularly in densely populated
and developing regions such as Banda Aceh.

In Aceh Province, increasing air temperature and
prolonged solar exposure have become important
environmental concerns. According to BMKG Aceh,
several districts in Aceh have experienced repeated
extreme temperature events exceeding 34°C during
recent dry seasons, particularly under reduced cloud-
cover conditions [3]. Prolonged exposure to elevated
temperatures and ultraviolet radiation may increase the
risk of dehydration, heat stress, and skin-related health
problems, particularly among outdoor workers and
school-age children in tropical environments [4]. In
addition, agricultural activities in Aceh, including rice
cultivation and horticultural production, are highly
sensitive to temperature variability and excessive solar
radiation, which may influence evapotranspiration rates,
soil moisture conditions, and crop productivity [5].

Therefore, accurate forecasting of ultraviolet radiation
and temperature is relevant not only for scientific
climatological analysis but also for practical decision-
making. The forecasting outputs generated in this study
may support stakeholders such as BMKG Aceh, Dinas
Kesehatan Aceh, local disaster mitigation agencies,
agricultural planners, and educational institutions in
developing adaptive strategies for environmental risk
management and climate-related public awareness.

Banda Aceh is located near the equator within the
tropical Maritime Continent region, where atmospheric
variability is influenced by equinox transitions,
monsoonal circulation, and large-scale climate
phenomena such as ENSO and the Indian Ocean Dipole
(I0D). Unlike subtropical regions that typically exhibit a
single annual cycle, equatorial regions frequently
experience semiannual variability associated with two
annual peaks in solar radiation. These characteristics
provide a climatological basis for investigating
semiannual seasonal behavior in ultraviolet radiation and
temperature time series [6-10].

Mitigating the adverse impacts of UV radiation requires a
data-driven and predictive approach. Accurate
forecasting of UV radiation and extreme temperatures
can support policy planning across multiple sectors,
including public health, education, agriculture, and
energy. Long-term observational datasets from reliable
sources, such as NASA, provide valuable opportunities to
develop robust forecasting models. However, the
seasonal characteristics and long-term trends inherent in
atmospheric data, such as UV radiation and temperature,

necessitate appropriate statistical approaches to
effectively extract underlying patterns.

Previous studies have applied both statistical and
machine-learning approaches for forecasting solar
radiation, ultraviolet radiation, and temperature.
Machine-learning models such as XGBoost, Random
Forest, Long Short-Term Memory (LSTM), and Artificial
Neural Networks (ANN) have demonstrated strong
predictive performance in environmental forecasting
tasks [11-13]. In parallel, statistical time-series models,
particularly SARIMA, remain widely used because of their
interpretability, computational efficiency, and ability to
capture seasonal structures in atmospheric variables
[11,14-16].

Several studies have investigated UV radiation
forecasting in tropical and subtropical regions. For
example, Dabeedoal et al. [11] successfully applied
SARIMA and deep learning models to forecast monthly
solar radiation and UV index data in Mauritius. However,
their study primarily emphasized monthly forecasting
performance and did not investigate whether
semiannual atmospheric variability linked to equinox-
driven solar forcing and monsoonal transitions could
constitute a dominant seasonal structure in equatorial
tropical environments. Similarly, Chodakowska et al. [12]
evaluated ARIMA-based solar radiation forecasting
across multiple geographic regions. Other studies have
focused primarily on temperature forecasting or broader
solar radiation estimation wusing machine-learning
techniques [17,18].

Nevertheless, existing studies predominantly focus on
monthly-resolution data, single environmental variables,
or non-localized forecasting frameworks. Limited
attention has been given to the simultaneous daily
forecasting of UVA, UVB, and maximum temperature in
tropical coastal regions using long-term high-resolution
observations. In  particular, studies examining
semiannual atmospheric variability in equatorial regions
such as Banda Aceh remain scarce. Therefore, this study
contributes by integrating multiple atmospheric variables
within a daily-resolution SARIMA framework specifically
designed for a tropical coastal environment.

The Seasonal Autoregressive Integrated Moving Average
(SARIMA) model is a widely used time series approach for
data exhibiting both seasonal and trend components
[19]. In atmospheric studies, SARIMA has proven effective
in capturing periodic patterns and long-term fluctuations,
making it a relevant candidate for forecasting variables
such as temperature and solar radiation. Furthermore,
SARIMA offers advantages in terms of interpretability and
computational efficiency compared to black-box
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approaches commonly found in machine learning
models [15].

Recent forecasting studies have explored approaches
such as TBATS, Prophet, LSTM, Transformers, and hybrid
SARIMA-machine learning models for handling complex
seasonal patterns [20-24]. However, these approaches
often require larger datasets and extensive
hyperparameter tuning. In contrast, SARIMA remains
advantageous for climatological applications because of
its interpretability, established statistical diagnostics, and
computational efficiency [25,26]. Furthermore, the
primary objective of this study is not to benchmark
forecasting algorithms, but to characterize and model the
semiannual seasonal behavior of ultraviolet radiation
and temperature in a tropical coastal region using an
interpretable statistical framework. Therefore, SARIMA
was considered an appropriate methodological choice
for this study despite the relatively long seasonal period
(s =180).

The primary challenge addressed in this study is the
development of an accurate and adaptive predictive
model for daily UV radiation and temperature in tropical
regions. Most existing approaches focus on a single
variable or a specific temporal resolution (e.g., monthly
data), without integrating UV radiation and temperature
by a separate forecasting framework at a daily scale. Such
integration is essential to enhance preparedness for
extreme weather conditions and associated public health
risks.

Although SARIMA has been widely applied in
environmental forecasting, studies focusing on daily
ultraviolet radiation and maximum temperature in
tropical coastal regions remain limited. In particular, the
climatic characteristics of Banda Aceh, Indonesia, provide
an interesting case for examining semiannual variability
in UV radiation and temperature. Therefore, this study
applies the SARIMA framework to characterize and
forecast these environmental variables using long-term
daily observations from NASA POWER.

Specifically, this study utilizes daily data on UVA, UVB, and
maximum temperature in Banda Aceh from 2018 to
2024. The dataset, obtained from NASA, has undergone
transformation and validation processes to ensure its
suitability for analysis. Model selection is conducted
through stationarity testing, model identification, and
diagnostic evaluation, including white noise and residual
normality tests. The optimal model is determined based
on performance metrics such as Mean Absolute
Percentage Error (MAPE), Mean Absolute Scaled Error
(MASE), Bayesian Information Criterion (BIC) and Akaike
Information Criterion (AIC).

The objective of this study is to evaluate the applicability
of a climatologically informed SARIMA framework for
modeling daily ultraviolet radiation and temperature
dynamics in Banda Aceh. The primary contribution of this
study lies in the development of a climatologically
informed SARIMA framework incorporating a semiannual
seasonal structure (s = 180) for atmospheric forecasting
in equatorial tropical regions. Unlike conventional
SARIMA applications that typically assume annual or
monthly seasonality, this study demonstrates that
semiannual atmospheric variability associated with
equinox transitions and monsoonal dynamics may
constitute a dominant and physically interpretable
seasonal component within the Maritime Continent
climate system. Consequently, the study provides
methodological insights into the integration of equatorial
climatological processes within statistical time-series
forecasting frameworks.

2. Materials and Methods
2.1. Data Source

This study employs secondary data consisting of daily
observations of Ultraviolet A (UVA), Ultraviolet B (UVB),
and maximum temperature in Banda Aceh for the period
from December 1, 2018 to July 31, 2024. The dataset was
obtained from the NASA Prediction Of Worldwide Energy
Resources (POWER) database, which provides reliable
satellite-based atmospheric data with daily temporal
resolution [27]. These variables were analyzed to develop
a forecasting model using the Seasonal Autoregressive
Integrated Moving Average (SARIMA) approach.

2.2. SARIMA Model

The SARIMA model extends the Autoregressive
Integrated Moving Average (ARIMA) framework to
account for seasonal patterns in time series data [28].
The seasonal period in this study was set to s = 180 days
to represent the semiannual atmospheric variability
commonly observed in equatorial regions such as Banda
Aceh. This choice was motivated by equinox-related solar
radiation peaks and supported by preliminary inspection
of seasonal autocorrelation patterns showing recurring
fluctuations approximately every six months [6,8].
Therefore, the selected seasonal period was considered
climatologically meaningful for representing tropical
atmospheric dynamics. In Banda Aceh, the interaction
between equinox-driven solar forcing, monsoonal
circulation, and cloud-cover variability may produce two
dominant radiation maxima within a year [9].
Consequently, adopting an annual seasonal period (s =
365) have potentially obscure shorter yet physically
meaningful atmospheric cycles present in the ultraviolet
radiation and temperature series [5,8]. The modeling
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Table 1. Theoretical patterns of ACF and PACF for stationary time series.

Model ACF Pattern PACF Pattern

AR(p) Exponential decay (dies down) Sharp cutoff after lag (p)
MA(q) Sharp cutoff after lag (q) Exponential decay (dies down)
ARMA(p, @) Exponential decay (dies down) Exponential decay (dies down)
AR(p) or MA(q) Sharp cutoff Sharp cutoff

White Noise No significant autocorrelation No significant autocorrelation

procedure follows the Box-Jenkins methodology, which
consists of model identification, parameter estimation,
diagnostic checking, and forecasting [29]. The general
form of the SARIMA model is given by Equation (1):

©,(B)P,(B)(1 - B)*(1 — BS)°Xt = 6,(B)6,(B%)e, (D

where X, represents the observed time series at time ¢.
@, (B) and 0,(B) denote the non-seasonal autoregressive
(AR) and moving average (MA) components of orders p
and q, respectively. ®(B%) and 0,(B®) represent the
seasonal AR and MA components of orders P and Q with
seasonal period s. The operators (1-B)¢ and (1-B%)P
correspond to non-seasonal and seasonal differencing,
respectively. Finally, &, denotes the white noise error
term.

2.3. Stationarity Testing

A time series Z, is considered stationary if its statistical
properties, including mean and variance, remain
constant over time [30]. When non-stationarity is
detected, appropriate transformations are applied to
stabilize the series.

2.3.1. Stationarity in Variance

Stationarity in variance is assessed using the Box-Cox
transformation. If the estimated parameter 1 =1, no
transformation is required, indicating that the variance is
already stable. For 1 = 0, the transformation reduces to
the natural logarithm [31]. Otherwise, the data are
transformed as shown in Equation (2):

Zr -1

7 )

Z,

2.3.2. Stationarity in Mean

If the series is non-stationary in mean, differencing is
applied to achieve stationarity. This process utilizes the
backward shift operator B, defined as shown in Equation
(3):

Bz, =27, 4 3)

Thus, the first-order differencing can be expressed as
(1 — B)Z,. The differencing process is applied iteratively
until the series becomes stationary, which is then
statistically verified using the Augmented Dickey-Fuller
(ADF) test [12].

2.4. Model Identification

After achieving stationarity, model identification is
conducted using the Autocorrelation Function (ACF) and
Partial Autocorrelation Function (PACF) plots. The
identification of model orders p,q,P, and Q is based on
theoretical patterns of ACF and PACF, as summarized in
Table 1 [32].

This step enables the selection of candidate SARIMA
models based on observed correlation structures. In
addition, the seasonal lag structure was inspected
through the seasonal ACF pattern. Significant
autocorrelation observed around lag 180 provided
empirical support for the adoption of a semiannual
seasonal period in the SARIMA specification.

2.5. Model Diagnostic Checking

Model adequacy is evaluated through diagnostic testing
to ensure that the residuals satisfy statistical
assumptions. Parameter significance is assessed using
hypothesis testing, where parameters with p-values less
than 0.05 are considered statistically significant. Residual
independence is evaluated using the Ljung-Box test,
which examines whether residuals behave as white noise
with zero mean and constant variance [14]. Additionally,
the normality of residuals is tested using the Shapiro-
Wilk test to verify the assumption of normally distributed
errors.

2.6. Model Selection and Evaluation

The optimal SARIMA model is selected by comparing
candidate models based on both statistical adequacy and
model parsimony. Although parameter significance is
considered during model screening, the final model
selection is based on information criteria and forecasting
accuracy measures. This approach helps avoid overfitting
by favoring models that achieve a balance between
goodness-of-fit and complexity. In particular, the Akaike
Information Criterion (AIC) and Bayesian Information
Criterion (BIC) are used to evaluate model parsimony,
while forecasting performance is assessed using MASE,
and MAPE. The selected SARIMA specification is defined
as the one with the lowest AIC, BIC and minimum error
values [33]. When disagreements occurred among
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Table 2. Descriptive statistics of the variables.

Variables Minimum Mean Median Standar Deviation Maximum Interquartile Range
UVA 2.6 13.6 14.0 2.6 18.5 3.5
UVB 0.1 0.4 0.4 0.1 0.7 0.1
Temperature Max 25.2 29.0 29.0 1.3 33.1 1.8
evaluation metrics, model selection followed a 3. Results and Discussion

hierarchical decision rule to ensure reproducibility.

First, only models satisfying diagnostic adequacy criteria,
including parameter significance, white-noise residuals,
and residual normality, were retained. Second, Mean
Absolute Scaled Error (MASE) was prioritized as the
primary forecasting performance metric because it is
scale-independent and generally less sensitive to
distortions arising from small magnitudes than
percentage-based measures, thereby facilitating more
reliable comparisons across time-series variables with
different scales. Third, Akaike Information Criterion (AIC)
and Bayesian Information Criterion (BIC) were used to
evaluate model parsimony, favoring models with lower
information criteria when forecasting performance was
comparable. Information criteria were considered
particularly useful to balance goodness-of-fit and model
complexity while reducing overfitting risk. Finally, Mean
Absolute Percentage Error (MAPE) was used as a
complementary descriptive measure to facilitate
interpretation of prediction error and comparability with
previous forecasting studies [34-36]. The evaluation
metrics for AIC, BIC, MASE, and MAPE are defined as
shown in Equation (4)-(7), respectively:

AIC = —2In (L) + 2k 4)
BIC = —2In(L) + kln(n) (5)
MAE

n— 1Z?=2|Yt — Yl

n

1
MAPE = —Z
n

t=1

Yt — ?t

Y

@)

where Y, represents the observed value at time ¢, ¥,
denotes the predicted value at time t, n is the total
number of observations, and tindicates the time index. In
Equations (4) and (5), L denotes the maximized likelihood
function of the fitted model, while k represents the total
number of estimated parameters. In Equation (6), MAE
refers to the Mean Absolute Error, and the denominator
corresponds to the mean absolute difference of
consecutive observations in the original time series,
which serves as a scaling factor for model comparison.

3.1. Summary Statistics

Prior to analysis, the dataset underwent several
preprocessing and quality-control procedures to ensure
its suitability for time series modeling. First, the
completeness of the daily observations was evaluated.
The NASA POWER dataset used in this study contained no
missing values for UVA, UVB, and maximum temperature
during the observation period from December 2018 to
July 2024. Therefore, no imputation procedure was
required.

Data screening was subsequently conducted to identify
potential outliers and measurement inconsistencies.
Visual inspection using time series plots and boxplots
was performed to detect extreme observations. Several
unusually high and low values were identified; however,
these values were retained because they were
climatologically plausible and corresponded to natural
atmospheric variability in tropical regions rather than
measurement errors.

In addition, descriptive statistical analysis (Table 2) was
conducted to  summarize the  distributional
characteristics of each variable, including mean, standard
deviation, minimum, and maximum values. This
preliminary assessment provided an overview of data
variability and supported subsequent stationarity and
SARIMA modeling procedures. Since NASA POWER data
are satellite-derived and have undergone internal
validation and quality assurance procedures by NASA,
the dataset is considered reliable for climatological and
environmental time series analysis.

3.2. Data Identification

Time series analysis of ultraviolet radiation (UVA and
UVB) and maximum temperature was conducted using
RStudio. Figure 1 shows that all three variables exhibit
clear seasonal patterns. The UVA series (Figure 1a)
displays pronounced fluctuations with sharp peaks and
troughs, indicating high variability and potential non-
stationary behavior. Similarly, the UVB series (Figure 1b)
demonstrates recurring cyclical behavior, while the
maximum temperature series (Figure 1c) exhibits regular
periodic fluctuations that reflect seasonal atmospheric
variability. These characteristics justify the application of
a seasonal time series approach such as SARIMA.
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Figure 1. Time series plots of (a) UVA, (b) UVB, and (c) maximum temperature.

Figure 2. ACF and PACF plots for (a) UVA, (b) UVB, and (c) maximum temperature.

The observed fluctuations indicate substantial seasonal
amplitude in UVA and UVB variability, with recurring
peak-trough cycles occurring approximately every six
months. Maximum temperature exhibits comparatively
smoother oscillations, suggesting greater temporal
stability relative to ultraviolet radiation variables. These
recurring semiannual patterns provide empirical support
for incorporating a seasonal structure into the SARIMA
specification.

3.3. Stationarity Testing
3.3.1. Stationarity in Variance

Based on the Box-Cox transformation, the estimated
lambda values were 1.092060 (UVA), -0.010737 (UVB),
and —0.999924 (maximum temperature). The UVA value,
being close to 1, indicates that no transformation was
required. In contrast, UVB and temperature required
transformation due to non-stationarity in variance. After
transformation, the lambda values became 1.000219
(UVB), and 1.000892 (temperature), indicating that
variance stationarity was successfully achieved.

3.3.2. Stationarity in Mean

Stationarity in mean was assessed using the Augmented
Dickey-Fuller (ADF) test. After applying seasonal
differencing (D = 1), all variables yielded p-values less
than 0.05 (UVA = 0.01, UVB = 0.01, temperature = 0.01).
Therefore, the null hypothesis of non-stationarity was
rejected, confirming that all series are stationary in mean.

The achievement of stationarity after seasonal
differencing further supports the presence of recurrent

seasonal behavior in ultraviolet radiation and
temperature, indicating that temporal dependence is
partly governed by semiannual atmospheric cycles
commonly observed in tropical regions [12,20].

3.4. ACF and PACF Analysis
3.4.1. Seasonal Components

Initial model identification was performed using ACF and
PACF plots of the stationary series (Figure 2). The ACF and
PACF plots at seasonal lags (i.e., multiples of s) indicate
the presence of seasonal dependence, suggesting the
inclusion of seasonal components in the model.
Meanwhile, the behavior of ACF and PACF at lower lags
shows gradual decay, indicating that a mixed ARMA
structure is appropriate for the non-seasonal
components. In particular, the PACF patterns for UVA and
UVB exhibit a dominant cutoff around lag 3, indicating the
presence of short-term autoregressive dependence.
Moreover, significant autocorrelation observed near the
seasonal lag supports the inclusion of seasonal SARIMA
components and confirms the persistence of semiannual
atmospheric cycles in the analyzed variables.

3.4.2. Non-Seasonal Component

To isolate seasonal effects, seasonal differencing with
period s = 180 was applied. The ACF and PACF plots of
the differenced series are shown in Figure 3.

The ACF plots show a gradual decay (tails off), while the
PACF plots exhibit a cutoff at lag 3 for UVA and UVB,
indicating an autoregressive structure. For maximum
temperature, both ACF and PACF display gradual decay,
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Figure 3. ACF and PACF plots of seasonally differenced data for (a) UVA, (b) UVB, and (c) maximum temperature.

Table 3. Candidate SARIMA models.

Variable Model Specification

UVA modelUVA1 SARIMA(1,0,1)(1,1,0)*8°
modelUVA2 SARIMA(1,0,2)(1,1,0)*8°
modelUVA3 SARIMA(3,0,1)(0,1,0)*8°
modelUVA4 SARIMA(1,0,1)(1,0,0)8°
modelUVAS5 SARIMA(2,0,1)(0,1,0)*8°

uvB modelUVB1 SARIMA(1,0,1)(1,1,0)8°
modelUVB2 SARIMA(1,0,2)(1,1,0)8°
modelUVB3 SARIMA(1,0,1)(0,1,1)8°
modelUVB4 SARIMA(1,0,1)(1,1,1)8¢
modelUVB5 SARIMA(2,0,1)(0,1,1)8°

TemperaturMax modelTemperaturMax1 SARIMA(1,0,1)(1,1,0)*8°

modelTemperaturMax2

SARIMA(1,0,2)(1,1,0)18°

modelTemperaturMax3

SARIMA(3,0,1)(0,1,0)8°

modelTemperaturMax4

SARIMA(1,0,1)(1,0,0)8°

modelTemperaturMax5

SARIMA(2,0,1)(0,1,0)18°

suggesting an ARMA structure. These observations
guided the selection of candidate SARIMA models.

This pattern indicates that atmospheric variability is not
purely random but exhibits temporal persistence,
whereby present atmospheric conditions remain partially
influenced by preceding states. Similar autocorrelation
behavior has been reported in environmental time series
characterized by strong seasonal forcing and radiation-
driven variability [12,22,25].

3.5. Preliminary Model Identification

Based on the ACF and PACF analysis, several candidate
SARIMA models were proposed for each variable (Table
3). These candidate models were selected based on ACF
and PACF patterns while maintaining model parsimony.
Most candidate models include low-order autoregressive
and moving-average terms, reflecting the relatively short-
term temporal persistence observed in the atmospheric
variables while preserving model simplicity.

3.6. Parameter Significance Testing

Parameter significance was evaluated using p-values,
with a threshold of ¢ = 0.05. Models with all parameters
statistically significant were retained for further analysis.

The results (Table 4) indicate that models UVA1, UVA2,
UVA3, UVAS, UVB1, uvB2, UVB3, UVB5,
TemperatureMax1, TemperatureMax2, and
TemperatureMax5 have all parameters statistically
significant (p < 0.05) and are therefore considered for
diagnostic testing.

3.7. White Noise Test

The Ljung-Box test was applied to evaluate whether
residuals behave as white noise (Table 5). A model is
considered adequate if the p-value exceeds 0.05.

The results show that all candidate UVA models (UVAT,
UVA2, UVA3, and UVAS), UVB2, UVB5, TemperatureMax2,
and TemperatureMax5 satisfy the white noise
assumption. In contrast, UVB1, UVB3, and
TemperatureMax1 fail this criterion and are excluded
from further consideration. This step ensures that no
significant autocorrelation remains in the residuals.

3.8. Normality Test

Residual normality was assessed using the Shapiro-Wilk
test for models that passed the white noise test (Table 6).
The results indicate that models UVA1, UVA2, UVAS,
UVB2, UVB5, TemperatureMax2, and TemperatureMax5
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Table 4. Result of parameter significance test.

Parameter AR(1) AR(2) AR(3) MA(1) MA(2) SAR(1) SMA(1)
UVA
UVA1 <0.001 - - <0.001 - <0.001 -
UVA2 <0.001 - - <0.001 <0.001 <0.001 -
UVA3 <0.001 <0.001 0.040 <0.001 - - -
UVA4 <0.001 - - <0.001 - 0.86 -
UVAS5 <0.001 <0.001 - - <0.001 - -
UVB
UVB1 <0.001 - - <0.001 - <0.001 -
UVB2 <0.001 - - <0.001 <0.001 <0.001 -
UVvB3 <0.001 - - <0.001 - - <0.001
UVB4 <0.001 - - <0.001 - 0.63 <0.001
UVB5 <0.001 <0.001 - <0.001 - - <0.001
Temperatur Max
TemperaturMax1 <0.001 - - <0.001 - <0.001 -
TemperaturMax2 <0.001 - - <0.001 <0.001 <0.001 -
TemperaturMax3 <0.001 <0.001 0.132 <0.001 - - -
TemperaturMax4 <0.001 - - <0.001 - 0.725 -
TemperaturMax5 <0.001 <0.001 - <0.001 - - -
Table 5. Results of the Ljung-Box test.
Variable Model p-value
UVA modelUVA1 0.6469
modelUVA2 0.4831
modelUVA3 0.9907
modelUVA5 0.6239
uvB modelUVB1 0.0099
modelUVB2 0.4616
modelUVB3 <0.001
modelUVB5 0.5680
TemperaturMax modelTemperaturMax1 0.0051
modelTemperaturMax2 0.6895
modelTemperaturMax5 0.7703
Table 6. Shapiro-Wilk normality test results.
Variable Model SARIMA Model p-value
UVA modelUVA1 (1,0,1)(1,1,0)*%° 0.125
modelUVA2 (1,0,2)(1,1,0)*%° 0.494
modelUVA3 (3,0,1)(0,1,0)*%° 0.004
modelUVAS (2,0,1)(0,1,0)*% 0.199
UvB modelUVB2 (1,0,2)(1,1,0)*%° 0.317
modelUVB5 (1,0,1)(0,1,1)'%° 0.084
TemperaturMax modelTemperaturMax2 (1,0,2)(1,1,0)*%° 0.131
modelTemperaturMax5 (2,0,1)(0,1,0)*8° 0.073

Have normally distributed residuals (p-value > 0.05).
However, model UVA3 violates the normality assumption
and is therefore not considered for the final model
selection. Residual normality supports the reliability of
statistical inference, although it is not a strict
requirement for forecasting performance.
Comparatively, the UVA models demonstrated more
consistent diagnostic performance across residual
independence and normality tests than several UVB and
temperature specifications, indicating relatively stronger

statistical adequacy for representing ultraviolet radiation
dynamics.

3.9. SARIMA Model Selection

When multiple candidate models satisfied all diagnostic
criteria, including parameter significance, white noise,
and residual normality, the optimal model was
determined based on a comparative evaluation of
forecasting performance. The selection criteria included
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Table 7. Model performance comparison.

Model MAPE MASE AIC BIC
UVA
modelUVA1 18.9816 0.7694 10332.8 10354.9
modelUVA2 18.9271 0.7671 10322.2 10349.8
modelUVA5 21.2638 0.8778 10770.3 10792.4
UVB
modelUVB2 0.4774 0.6244 -12837 -12447.3
modelUVB5 0.5740 0.7508 -12475 -12859.2
TemperaturMax
TemperaturMax2 13.0329 0.6648 -59991 -59963.6
TemperaturMax5 15.1769 0.7719 -59503 -59481.8

both goodness-of-fit and predictive accuracy measures,
namely the Mean Absolute Percentage Error (MAPE),
Mean Absolute Scaled Error (MASE), Akaike Information
Criterion (AIC), and Bayesian Information Criterion (BIC),
as summarized in Table 7. In cases where evaluation
metrics yielded conflicting indications, model selection
followed the predefined hierarchical decision rule
described in Section 2.6, prioritizing MASE, followed by
AIC/BIC for model parsimony.

In this study, forecasting evaluation was primarily
intended to assess model adequacy and seasonal
representation within the observed atmospheric time
series through fitted-series evaluation and residual
diagnostic consistency, rather than strict out-of-sample
predictive benchmarking [12,15,371].

Among the evaluated SARIMA candidate specifications,
modelUVA2, modelUVB2, and modelTemperatureMax2
were selected based on the predefined model selection
criteria within the SARIMA framework. Specifically,
modelUVA2 was selected for UVA, modelUVB2 for UVB,
and modelTemperatureMax2 for maximum
temperature. The consistency of these results across
multiple evaluation metrics suggests that the selected
models provide an appropriate balance between model
parsimony and goodness-of-fit while adequately
representing the temporal dynamics observed in the
data. Comparative evaluation further indicates that
models with additional seasonal components generally
achieved lower forecasting errors and improved
information criteria values, supporting the importance of
incorporating semiannual atmospheric variability into
the SARIMA framework.

Furthermore, model performance was assessed using
multiple evaluation metrics, with MASE prioritized for
cross-variable comparison due to its scale independence,
while MAPE was interpreted cautiously for variables with
relatively small magnitudes such as UVB. The selected
models yielded relatively low fitted-series forecasting
error measures of 18.93% for UVA, 0.48% for UVB, and
13.03% for maximum temperature, although the very low

UVB MAPE should be interpreted cautiously due to the
relatively small magnitude of UVB observations. Because
UVB observations are recorded on a relatively small
numerical scale (approximately 0.1-0.7 W/m?), even very
small absolute prediction errors can produce
disproportionately low percentage-based error values.
Consequently, MAPE may underestimate practical
forecasting uncertainty for low-magnitude atmospheric
variables and should not be interpreted in isolation
[37,38].

Although MAPE is widely used as an indicator of
forecasting accuracy, its interpretation should be treated
cautiously, particularly for variables with relatively small
magnitudes such as UVB. Therefore, model performance
was not evaluated solely using MAPE but also through
MASE, AIC, and BIC. The consistency of these
complementary metrics supports the adequacy of the
selected SARIMA specifications for representing the
observed temporal patterns. These evaluation measures
were interpreted together with residual diagnostic
adequacy and climatological consistency to assess the
capability of the SARIMA framework in representing
dominant temporal dynamics within the available
observational dataset [35, 38]. Overall forecasting
performance was interpreted primarily using MASE
together with diagnostic adequacy criteria rather than
relying solely on fixed MAPE thresholds. The relatively low
MASE values observed across variables suggest that the
selected SARIMA specifications were able to represent
the dominant temporal and seasonal dynamics of
ultraviolet radiation and temperature while maintaining
statistical consistency and climatological interpretability.

3.10. Forecasting Results

Using the selected SARIMA(1,0,2)(1,1,0)8° model,
forecasts were generated for the next 365 days. The
forecasting results reveal consistent seasonal patterns
across all variables, aligning with historical observations
(Figure 4). Peak values are predicted to occur during
March-April 2025, which is climatologically consistent
with equinox-related increases in solar radiation and
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Figure 4. Forecast results for (a) UVA, (b) UVB, and (c) maximum temperature.

transitional monsoonal conditions in equatorial regions
such as Banda Aceh [6,8]. Moreover, the predicted
maxima for UVA (17.69 W/m?), UVB (0.69 W/m?), and
maximum temperature (31.85°C) remain within the
historical observation range presented in Table 2,
indicating that the forecasts are physically plausible and
climatologically realistic.

3.11. Discussion

The results of this study indicate that ultraviolet radiation
(UVA and UVB) and maximum air temperature in Banda
Aceh exhibit pronounced seasonal behavior that can be
represented using SARIMA models with a seasonal period
of 180 days. Beyond the statistical performance of the
forecasting models, these findings provide important
insights into the climatological processes governing
environmental variability in equatorial regions.

The identified semiannual seasonality is consistent with
the geographical location of Banda Aceh, which lies close
to the equator (approximately 5.55°N). In equatorial
regions, the apparent position of the sun crosses near the
zenith twice each year, around the March and September
equinoxes. During these periods, solar irradiance
reaching the Earth's surface increases, resulting in
elevated levels of ultraviolet radiation and enhanced
surface heating. This physical mechanism provides a
plausible explanation for the dominant seasonal
component captured by the SARIMA models and
supports the selection of a seasonal period of 180 days.

From a physical perspective, the autoregressive structure
identified in the SARIMA models suggests that
atmospheric conditions on a given day are influenced by
preceding environmental states, reflecting temporal
persistence in radiation and temperature processes.
Meanwhile, the seasonal components indicate the
recurrence of climatological forcing associated with
semiannual solar variability and monsoonal transitions,
which repeatedly shape ultraviolet radiation and
temperature dynamics in equatorial regions [12,20].

In addition to solar geometry, atmospheric conditions
associated with the Asian-Australian monsoon system

contribute to variations in surface radiation. Seasonal
changes in cloud cover, humidity, and precipitation
influence the amount of solar radiation that reaches the
surface. During periods characterized by increased
cloudiness and rainfall, incoming ultraviolet radiation is
attenuated through scattering and absorption processes
within the atmosphere. Conversely, clearer atmospheric
conditions permit greater transmission of solar radiation,
leading to higher UV intensity and warmer surface
temperatures. These interactions help explain the
observed synchronization between UV radiation and
temperature fluctuations throughout the study period.

The forecasting results suggest that semiannual
atmospheric  variability constitutes a dominant
climatological feature captured effectively by the SARIMA
framework. This finding demonstrates the importance of
considering local climatological characteristics when
developing forecasting models for environmental
variables.

From a methodological perspective, the present findings
suggest that conventional annual seasonal assumptions
commonly adopted in atmospheric SARIMA studies may
not always be appropriate for equatorial regions
characterized by bimodal climatological variability. The
identified semiannual structure (s = 180) reflects a
physically interpretable representation of equinox-driven
atmospheric forcing and therefore may provide a useful
alternative framework for environmental forecasting
studies conducted within the Maritime Continent and
other equatorial tropical regions.

The results also have practical implications. Accurate
forecasting of ultraviolet radiation can support public
health initiatives related to UV exposure risk, while
temperature forecasts can contribute to environmental
monitoring, agriculture, and urban planning activities.
Given the growing concern regarding climate variability
and its impacts on human activities, reliable forecasting
tools based on historical atmospheric observations may
assist decision-makers in developing adaptive strategies.

In practical implementation, the forecasting outputs
generated in this study may support operational
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environmental monitoring conducted by BMKG Aceh,
particularly during periods characterized by elevated
ultraviolet radiation and high surface temperature.
Forecast information indicating sustained increases in
UVA and UVB levels during equinox-transition months
may be used to strengthen public heat-exposure
advisories, outdoor activity recommendations, and
climate-risk communication strategies. In the agricultural
sector, forecasts of prolonged high-temperature
conditions may assist local agricultural agencies in
anticipating irrigation demand, evapotranspiration
stress, and crop exposure risks during dry periods.

Although no universal operational threshold currently
exists for localized ultraviolet forecasting in Banda Aceh,
periods exhibiting simultaneously elevated UV radiation
and  maximum  temperature may  represent
environmentally sensitive conditions requiring increased
public awareness. Therefore, the forecasting framework
developed in this study may contribute to climate
adaptation planning and environmental early-warning
support systems in tropical coastal regions.

Future work may complement quantitative evaluation by
incorporating visual validation tools, including actual-
versus-predicted plots, prediction intervals, and
extended residual diagnostics to further assess
forecasting uncertainty and model adequacy [36,37].

The identified semiannual seasonal behavior is broadly
consistent with previous studies conducted in tropical
and subtropical regions. For example, studies on solar
radiation forecasting in tropical environments have
similarly reported strong seasonal dependencies
associated with solar geometry and atmospheric
variability [11,12]. Likewise, recent forecasting studies
comparing SARIMA and alternative approaches in
tropical climates have shown that seasonal
autoregressive structures are effective for representing
recurring atmospheric cycles in temperature and
radiation-related variables [40,41]. The consistency
between the present findings and prior tropical studies
strengthens the climatological plausibility of the
identified seasonal dynamics in Banda Aceh.

The emergence of the same SARIMA structure across
UVA, UVB, and maximum temperature may reflect their
shared dependence on common atmospheric forcing
mechanisms, particularly semiannual solar geometry and
monsoonal variability in equatorial regions. Although
these variables differ physically, they are influenced by
closely related climatological cycles, which may explain
the similar autoregressive and seasonal dependence
structures identified in this study [12,22,25].

Despite the favorable diagnostic and forecasting results
obtained in this study, several methodological and
climatological limitations should be acknowledged. Since
SARIMA relies primarily on historical temporal patterns,
the model may have limited capability in representing
abrupt atmospheric anomalies or extreme climate events
that deviate substantially from historical behavior. In
addition, long-term climate variability and climate change
may influence the stationarity assumption underlying the
SARIMA framework, potentially affecting forecasting
stability over extended periods. Forecast uncertainty also
generally increases as the prediction horizon becomes
longer, particularly for forecasts approaching the 365-day
horizon. Nevertheless, the forecasting results may still
provide practical value for environmental monitoring, UV
exposure awareness, and temperature-related risk
communication by regional agencies such as BMKG and
local public health authorities in Aceh. Future research
may therefore explore hybrid forecasting approaches
incorporating exogenous atmospheric variables such as
cloud cover, humidity, precipitation, aerosol
concentration, ENSO indices, and Indian Ocean Dipole
(IOD) indicators to improve forecasting robustness under
evolving climatic conditions. Future studies may also
investigate whether the semiannual seasonal structure
identified in Banda Aceh is reproducible across other
equatorial tropical cities within the Maritime Continent
region. Comparative multi-location analyses could
provide broader evidence regarding the climatological
generalizability of semiannual atmospheric forecasting
frameworks in tropical environments. Future studies may
further evaluate forecasting robustness using rolling-
origin validation or alternative time-series cross-
validation strategies under varying atmospheric
conditions [38].

4. Conclusions

This study demonstrates that the SARIMA(1,0,2)(1,1,0)8°
model provides a robust and statistically valid framework
for forecasting daily UVA, UVB, and maximum
temperature in Banda Aceh using NASA POWER data
from December 1, 2018 to June 30, 2024. The model
satisfies all diagnostic assumptions, including parameter
significance, white noise residuals, and normality,
indicating its adequacy for time series forecasting.

Forecasting results for the period July 1, 2024 to June 30,
2025 (365 days ahead) indicate that peak values are
expected to occur during March-April 2025, with
predicted maxima of 17.69 W/m? for UVA, 0.69 W/m? for
UVB, and 31.85°C for maximum temperature. These
results confirm the presence of strong semiannual
seasonal patterns in ultraviolet radiation and
temperature dynamics in tropical regions, which are
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climatologically consistent with equinox transitions and
monsoonal variability in Banda Aceh. Furthermore, the
predicted peak values remain within the historical
observation range, supporting the physical plausibility of
the forecasts.

Model performance evaluation shows Mean Absolute
Percentage Error (MAPE) values of 18.93% for UVA, 0.48%
for UVB, and 13.03% for maximum temperature.
Forecasting performance evaluation based primarily on
MASE and supported by diagnostic adequacy tests
indicates that the selected SARIMA models were able to
represent the dominant temporal dynamics of UVA, UVB,
and maximum temperature in Banda Aceh. Although
MAPE values were also reported for comparability with
previous forecasting studies, their interpretation was
treated cautiously for low-magnitude variables such as
UVB.

Overall, the findings confirm that the SARIMA approach is
effective in capturing both seasonal and short-term
dynamics of atmospheric variables in a tropical context.
This study contributes to the literature by integrating UV
radiation and temperature forecasting at a daily
resolution, offering practical implications for climate
adaptation strategies, public health risk mitigation, and
environmental management in regions with high solar
exposure.

Beyond the local forecasting application, this study
contributes to the broader environmental forecasting
literature by demonstrating that semiannual seasonal
structures may constitute a physically meaningful
alternative to conventional annual seasonality in
equatorial atmospheric time series. Unlike previous
tropical SARIMA studies, including Dabeedoal et al. [11],
which  primarily focused on monthly-resolution
forecasting and conventional seasonal specifications, the
present study emphasizes climatologically informed
seasonal modeling at daily temporal resolution. The
identification of a dominant semiannual seasonal
structure (s = 180) suggests that atmospheric variability
in equatorial Maritime Continent regions may be
governed more strongly by equinox-related transitions
and monsoonal dynamics than by a single annual cycle.

Nevertheless, several limitations should be considered
when interpreting the present findings. Because the
SARIMA framework relies primarily on historical temporal
dependence, the model may have limited capability in
representing abrupt atmospheric anomalies or nonlinear
climate dynamics. Furthermore, the absence of
exogenous atmospheric predictors such as cloud cover,
humidity, and large-scale climate indices may restrict the

model's ability to capture complex environmental forcing
mechanisms.

Although the specific SARIMA(1,0,2)(1,1,0)18°
configuration identified in this study should not be
interpreted as universally transferable to all tropical
regions, the methodological framework developed here
may be generalized to other equatorial environments
exhibiting bimodal atmospheric variability. Therefore, the
primary scientific contribution of this study lies not
merely in the forecasting results themselves, but in the
climatologically grounded integration of semiannual
atmospheric dynamics into the SARIMA modeling
framework for tropical ultraviolet radiation and
temperature forecasting. Future research is therefore
recommended to investigate hybrid SARIMA-machine
learning approaches, incorporate exogenous climate
variables, and evaluate the applicability of semiannual
forecasting structures across multiple equatorial tropical
regions within the Maritime Continent.
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