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Highlights

* Semiparametric Time Series Regression Exponential Complex Fourier Series (STSR-ECES) provides a flexible approach for modeling complex

temperature patterns in tropical rainforest climates

* The model achieves high accuracy, with MAPE consistently less than 2% for both in-sample and out-of-sample data.

* The STSR-ECFS supports climate adaptation strategies and early warning systems in regions with strong seasonal variability.
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ABSTRACT

Introduction. Forecasting temperature in tropical rainforest regions is challenging due to complex
seasonality and nonlinear trends that conventional models often fail to capture. Addressing this,
advanced modeling approaches are required for more accurate climate predictions. Objectives. This
study aims to construct and apply the STSR-ECFS model for temperature forecasting in Samarinda,
East Kalimantan, and to assess its predictive performance using standard accuracy metrics. Materials
and Methods. The STSR-ECFS model combines an autoregressive parametric component with a
nonparametric component constructed using the exponential complex Fourier series. The model was
trained and validated on monthly temperature data from 2015 to 2024, with the optimal number of
oscillations determined by Generalized Cross-Validation (GCV). Performance was assessed using Mean
Squared Error (MSE) and Mean Absolute Percentage Error (MAPE) for both in-sample and out-
of-sample data. Results and Discussion. The model demonstrated high predictive accuracy, with
MAPE consistently less than 10% for both in-sample and out-of-sample. It effectively captured both
seasonal fluctuations and long-term warming trends in Samarinda’s temperature data. Conclusions.
The STSR-ECFS is a flexible and accurate model for temperature forecasting in tropical rainforest
climates, with potential applications in climate adaptation strategies, early warning systems, and other
climate variables with similar data characteristics. The model could inform policy decisions on climate
adaptation, aiding local governments and environmental agencies in managing risks and formulating
mitigation strategies. Its integration into national climate action plans can enhance decision-making for
sustainable development and disaster risk reduction.

RESUMEN

Introduccion. La prediccion de la temperatura en regiones de selva tropical es un desafio debido a
la compleja estacionalidad y a las tendencias no lineales que los modelos convencionales suelen no
captar adecuadamente. Para enfrentar este problema, se requieren enfoques de modelacién avanzados
que permitan obtener predicciones climiticas mds precisas. Objetivos. Este estudio tiene como
objetivo construir y aplicar el modelo STSR-ECFS para la prediccion de temperatura en Samarinda,
Kalimantan Oriental, y evaluar su desempefio predictivo mediante métricas estindar de precision.
Materiales y Métodos. El modelo STSR-ECFS combina un componente paramétrico autorregresivo
con un componente no paramétrico construido mediante series de Fourier complejas exponenciales.
El modelo se entrend y validé con datos mensuales de temperatura de 2015 a 2024, determindndose
el nimero 6ptimo de oscilaciones mediante Validacién Cruzada Generalizada (GCV). El rendimiento
se evalué mediante el Error Cuadritico Medio (MSE) y el Error Porcentual Absoluto Medio (MAPE)
tanto para los datos dentro de la muestra como fuera de ella. Resultados y Discusion. El modelo
mostr6 una alta precisién predictiva, con valores de MAPE consistentemente inferiores al 10% tanto
en los datos de entrenamiento como en los de validacion. Capturé de manera efectiva las fluctuaciones
estacionales y las tendencias de calentamiento a largo plazo en los datos de temperatura de Samarinda.
Conclusiones. El STSR-ECFES es un modelo flexible y preciso para la prediccién de temperatura en
climas de selva tropical, con potencial de aplicacién en estrategias de adaptacion climatica, sistemas
de alerta temprana y otras variables climaticas con caracteristicas de datos similares. El modelo podria
orientar decisiones de politica publica sobre adaptacién al cambio climatico, apoyando a gobiernos
locales y agencias ambientales en la gestion de riesgos y en la formulacion de estrategias de mitigacion.
Su integracion en planes nacionales de accion climatica puede fortalecer la toma de decisiones para el
desarrollo sostenible y la reduccion del riesgo de desastres.
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INTRODUCTION

Kalimantan’s tropical rainforest is crucial in maintaining global climate balance and supporting
biodiversity V. Temperature is a key factor influencing this ecosystem, affecting biological processes,

species distribution, and environmental stability “*

. However, recent temperature fluctuations driven
by deforestation and climate change pose significant risks, including habitat loss and increased
vulnerability to extreme weather events . Accurate temperature analysis and prediction are essential

for climate adaptation planning, ecological conservation, and disaster risk reduction .

Time series regression models like Autoregressive Integrated Moving Average (ARIMA) are widely used
in climate data analysis to predict variables such as temperature. The ARIMA model, developed by Box
and Jenkins, forms the basis for many forecasting models . Swain et al. (2018) used ARIMA to predict
monthly rainfall in Khordha District, India '”. Narayanan et al. (2013) analyzed pre-monsoon rainfall

11, Based on the literature review, it is

trends in Western India, showing an increase in several regions
known that parametric models such as ARIMA have limitations in capturing nonlinear and complex
patterns that are often found in temperature data "*'". This model assumes a fixed relationship between
variables, which does not always correspond to temperature data patterns influenced by various external
factors. Therefore, a more flexible approach, such as semiparametric time series regression, is a better

15-16)

choice because it can combine parametric and nonparametric elements in the analysis

Semiparametric regression can handle linear and nonlinear relationships, making it more flexible than
purely parametric or nonparametric models ' . The parametric component captures linear relationships,
while the nonparamettic part models complex patterns without assuming a specific functional form 727,
This study applies a modified semiparametric partially linear model introduced by Gao for time series data
with seasonal charactetistics and nonlinear trends “'*?. The model maintains a linear structure for well-
understood relationships while using a smoothing approach for complex patterns. The nonparametric
component is estimated using the Fourier series, which effectively captures seasonal patterns in climate
data @, Foutier series are particularly useful for representing oscillatory patterns in temperature data.
This approach enables the model to account for linear trends and complex recurring seasonal influences
in temperature analysis “”. In addition, this approach provides flexibility in adjusting the number of
Foutier components used based on the complexity of the patterns in the data “**". By utilizing the
exponential complex Fourier series (ECFS), this model can handle sharper oscillations and high variability

in temperature data, thus providing more accurate and stable estimates than other methods.

Several studies have applied semiparametric regression to time series data. Fibriyani et al. (2024) used a
local polynomial estimator to model COVID-19 CFR in Pasuruan “*. Fitriyah et al. (2025) introduced
using a Least Squate Spline Estimator to model fluctuating rice production in Indonesia . These models

combine parametric and nonparametric approaches to handle linear and nonlinear patterns. However, no
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studies have specifically combined the Exponential Complex Fourier Series (ECFS) within a semiparametric
framework for temperature prediction in tropical rainforest areas. This model can simultaneously capture
sharp seasonal fluctuations and long-term warming trends, delivering higher prediction accuracy compared to
ARIMA and conventional semiparametric models. To address these emerging challenges, this study develops a
Semiparametric Time Series Regression model that employs the Exponential Complex Fourier Series (STSR-

ECES) to predict temperature variations in the tropical rainforest region of Samarinda.

The main contribution of this research is the first application of the STSR-ECFS model to tropical temperature
data, which has been shown to provide highly accurate predictions while flexibly capturing both seasonal
patterns and long-term trends. The key advantage of the Exponential Complex Fourier Series lies in its ability to
capture higher-frequency components, allowing the model to effectively identify sharp temperature fluctuations
and subtle climate changes, something that is challenging for other temperature prediction models, such as
ARIMA. Unlike conventional semiparametric models that rely on rigid linear assumptions, this approach can
handle the irregularities in temperature data more effectively, providing a deeper understanding of tropical
temperature dynamics. This modeling approach is expected not only to deliver a more accurate representation
of temperature dynamics but also to contribute significantly to improved climate monitoring, data-driven

environmental policymaking, and more effective disaster risk management strategies.

MATERIALS AND METHODS
Regression Analysis
Mathematically, the general model of regression analysis is written in Equation (1).
y_i=f(x_i)+e_i (1)

where as the response variable, is the regression curve to be estimated, and is assumed to be IIDN ).
Regression analysis based on how we approach the shape of the curve is divided into three parts: parametric

regression, nonparametric regression, and semiparametric regression © .

Fourier Series Estimator

Fourier series is a trigonometric polynomial function with a high flexibility level. The Fourier series estimator
contains Sine and Cosine functions “’. Based on the perspective of regression analysis, the Fourier series
estimator can be used to estimate functions or curves from data whose patterns are unknown, especially for

(26,

data that tend to have recurring patterns (seasonal) “* 2. This seasonal pattern usually occurs in temperature

time series. Suppose given paired data (V,y,) that follow the general model of regression analysis.

y_t=m(V_t)+et ,t=12,..T 2)

Innovaciencia
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In Equation (2), y, denotes the response being modeled at time t, while V| represents the vector of explanatory
variables (regressors) at time t. The regression function m(V) is of unknown form and will be estimated
using the Fourier series estimator using a nonparametric regression approach. Suppose it is assumed that the
regression function m(Vt) is contained in the Hilbert space L, [a,b], namely m(Vt)€ L, [a.b] so that m(Vt)
can be expressed as a linear combination of the basis elements of L, [a,b]. The Fourier series function with

one predictor variable is given in Equation (3).

mV,) = ay +yV, + i [ak cos (w) + 9, sin (M)] (3)
k=1

n n

g - 1T - 2 2ak(Ve—1)Y 2 2mk(Vi—1)
where @ = ;Zt=1yti di = ;Zk:lyt cos (f HUES T a )

Zyd ¥, sin
Llk=1Yt

Data, Data Source, and Research Variables

The data utilized in this study are secondary data obtained from the NASA Modern-Era Retrospective
Analysis for Research and Applications, Version 2 (MERRA-2), encompassing temperature records in
Samarinda from January 2015 to December 2024. The specific location corresponds to the coordinates of
Aji Pangeran Tumenggung Pranoto International Airport: Latitude -0.37361° and Longitude 117.25556°.

The variables employed in this study include both response and predictor variables, as detailed in (Table 1).

Table 1. Research Variables

. X Operational
Variable Notation Notes .
Definition

The average

temperature recorded
Response Temperature

in month (, measures

in degrees Celsius (°C)

The temperature

observed in the

Previous )
) previous month

observation

(, used to capture
temperature

temporal dependence

Predictors and trend

Time index showing

the sequence of
Time observations from the

first month to month

T.

4 Innovaciencia


http://dx.doi.org/10.15649/2346075X.4589
http://dx.doi.org/10.15649/2346075X.5364

d.)" http//dx.doi.org/10.15649/2346075X.5364

Research Stages

The steps in implementing the semiparametric time series regression model using exponential complex
Fourier series (STSR-ECFES) are detailed as follows:

1. Conducting data exploration with a time series graph of monthly temperature data in Samarinda.

2. Divide the data into in sample and - data with a proportion of 90:10.
Creating a scatter plot between each predictor variable and the response variable using in-sample
data.

4. Identifying the predictor variables of the parametric components and nonparametric components of
the Fourier series using in-sample data.

5. Modeling monthly temperature data in Samarinda with semiparametric time series regression using
exponential complex Fourier series (STSR-ECFES).

. Obtaining optimal oscillations using the Generalized Cross-Validation (GCV) method.

7. Calculate the Mean Squared Error (MSE) and Mean Absolute Percentage Error (MAPE) for both

in-sample and out-of-sample data.

8. Make temperature predictions for 12 periods based on best model STSR-ECFS.

RESULTS

Theoretical Study of the Semiparametric Time Series Regression-Exponential Complex Fourier
Series (STSR-ECFS) Model

Suppose we are given a time-series dataset consisting of a response variable . The predictor variables include
an autoregressive component , and a time index with following the STSR-ECFS model. Assume that the
pattern of relationship between the predictor variables and the response variable follows a semiparametric

regression model:
y_t=f(y_(t-1) )+m(V_t )+¢_t 4
where ¢ _is random error E(g, )=0 and Var(g, )=0"

The parametric componentis defined as , which the Linear estimator will approximate, while the nonparametric
component is defined as , which will be approximated by the complex exponential basis Fourier series
estimator. The parametric component in Equation (4) is assumed to be known, namely linear, while the

nonparametric component is unknown. The first thing in estimating the nonparametric component is to

assume the parameters of the parametric component B are known with y *=y - By, ,, so that:

yr=m(V)+e, ®)

Innovaciencia
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The nonparametric component in Equation (5) is approximated by the complex exponential basis Fourier

series estimator written in Equation (3). If samples are taken at a time, then the complete STSR-ECFS

model.

-

ZEEED) 4 g, sin (2|

1
V2 =g+ By + Eﬂlu +yVo + [ﬂk cns( " -

.8

1
fad

1
¥s = Bo + B1ya +§ﬂﬂ+}’V3+ .

[cr;c cos (—Enk(? — 1)) + ¥, sin (—ZJTF“:V3 — 1})]

-

e

W) + ¥ sin (w)]

yr = PBg+ Biyr—1 tag +yVr+ [cr;( cos( " -

=1

So it can be written in matrix notation in Equation (6).

y=Xp+Wy+e ©)
where
g
¥
v “1 ‘2 1w
o B e P S S R
r ! T 1 yra
5,
1/2 T mg(w) cns[:zml':::_ﬂ) Sm(z:r[v;_lj) Sm(znﬂﬂs—l])
wolire v (G (D) () ()
12 W CUS(ZH(V;—H) ms(znﬂ{t;r—l}) sin (Err{V-r—l}) Sin(zrrz{vr—l})

Next, based on Equation (6), each of the two sides is operated with parametric components so that it

becomes,
y-XB=Wy+e
y =Wy+e
where y'=y-X

The Yy estimator can be obtained using the Least Squares (LS) method. The sum of the squares of the errors

is presented in the Equation (8).

Innovaciencia


http://dx.doi.org/10.15649/2346075X.4589
http://dx.doi.org/10.15649/2346075X.5364

d.)" http//dx.doi.org/10.15649/2346075X.5364

e"T e=(y-Wy)"T (y-Wy) (8)

The estimated value for the parameter vector is obtained by partially differentiating Equation (8) with

respect to and then sets it to zero. The LS estimator for the parameter is written in Equation (9).
Y=(W'W)twhy’ ©)
Based on Equation (5), the form of the Fourier series estimator can be expressed in Equation (10).
m" (V" )=Wy
m' (T )=W((WAT W)*(-1) WAT y**)
m"(T")=Fy"* (10)
If y'=y-XB, then y=XB+F(y-XB)+¢. Hence, we obtain error in Equation (11).
e=y-(XB+F(y-XB))
e= (I-F)(y-XB)
(1)
Based on Equation (11), the form of the sum of squares of errors can be written in Equation (12).
ehe=(y" (I-B)" (I-D)y)-2p" X' (I-F)" (I-F)y+(X" B* (I-F)" (I-F)XB) (12)

The value of is obtained by partially differentiating Equation (12) with respect to and then sets it to zero,

so that it can be written in Equation (13).
F=X"(I-B)' I-HX)* X" (I-F)" (I-Fy (13)

Next, we substitute Equation (13) into Equation (10), such that we obtain

y=XB+F(y—XB)

= X((XT{I —F)T(I- F}x}_ixﬂ" (I—-F)(I-F ]w)

+ F(? - X((XTU = F)' (1= H)X) X7 - F)T(I - F}y])

where
Boor = x((x“"{r —F)T(I- F]x}'ix“"{; —F)(I-F) ); and

Bronpar = W ((WTW}'in(f - Bm,.})_
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The general form of the prediction in the STSR-ECFS model, which is expressed in Equation (14).

yA: (Bpar+Bnonpar )y (14)

where B =B +B

STSR-ECFs ™ par nonpar

Equation (14) illustrates the general form of prediction in the STSR-ECFS model, where the predicted
value is the sum of two components: the parametric component (Bpar and the nonparametric component
wonpar’ L€ Paramettic component accounts for the linear relationships in the data, while the non-parametric
component captures the non-linear relationships, together providing a more comprehensive and flexible
prediction model. The method used to determine the optimal number of oscillations in the STSR-ECFS
model using the Generalized Cross-Validation (GCV) method. The GCV formula for the STSR-ECFS
model is written in Equation (15).

”'_1{.1’?U - B.s.'r_cﬂ—fcns])r{(f - B\T.‘\'R—ECF.S:]T)

GOV A = =
{ ayr} {ﬂ_lﬁ"(f - B.ﬂT.ﬂE—ECRs]}-

(15)

In Equation (15), n denotes the number of obsetvations, and tr(I-Bsrsr-ecrs) represents the trace of the
smoothing matrix tr(I-Bsrsr-ecrs), which reflects the model’s level of complexity. The minimum value of
GCV will provide the STSR-ECFS model with the optimal number of oscillations. To evaluate the model’s
prediction accuracy, we compute MSE and MAPE for both in-sample and out-of-sample datasets using
Equations (16) and (17).

. 1v i
MSE{AaPr} = Ezi}'r - )
t=t (16)

MAPE(Fpp) = 232, 2% x 100,

e (17)

where is the estimated value from the STSR-ECFS model using the optimal to generate the prediction.

Application of Temperature Data in Samarinda

Exploration Data

An exploratory analysis of Samarinda’s temperature data reveals substantial fluctuations and a clear seasonal

pattern over the observed timeframe.
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a. b.

Figure 1. Descriptive Statistics of Temperature in Samarinda. (a) Times series plot, (b) Box plot

Based on monthly temperature data recorded from January 2015 to December 2024 in Samarinda, clearly
recurring seasonal pattern is evident (Figure 1a). Temperatures are consistently decreased during the rainy
season (November—March) and increased during the dry season (April-October). The alternating colored
bands visually reinforce this cyclical trend in the time series plot, distinguishing the two primary climate
periods. The boxplot analysis (Figure 1b) further substantiates this observation, showing that the median
temperatures for dry season months, particularly from July to October, are not only higher but also exhibit

greater variability, as reflected by longer whiskers and a higher frequency of outliers.

In addition to these established seasonal cycles, there is clear evidence of a gradual upward trend in average
temperatures, especially after 2020. This warming trend is consistent with reports from the Intergovernmental
Panel on Climate Change (IPCC, 2021), which indicates that Southeast Asia has experienced an average
temperature increase of approximately 0.15-0.2°C per decade since the 1960s. Local factors like urbanization
and deforestation, alongside global phenomena like El Nifio, likely contribute to the observed rise and the

amplification of temperature extremes and variability, particularly in equatorial regions.

A notable finding from the boxplot is the contrast in temperature variability between seasons. The dry
season demonstrates a wider interquartile range and frequent outliers, suggesting that temperature extremes
are more common outside the rainy months. This increased variability may be attributed to reduce cloud
cover, greater solar radiation, and episodic weather events characteristic of the dry season. In contrast, the
rainy season is marked by more stable and lower temperatures, likely due to persistent cloud cover, higher

humidity, and frequent precipitation acting as natural cooling mechanisms.

Furthermore, outliers and anomalies, especially in February, March, and September, could indicate the
influence of extraordinary climatic events or interannual climate variability. Such fluctuations underscore
the importance of robust modeling approaches capturing both regular seasonal dynamics and unexpected
deviations. This nuanced understanding is critical for developing adaptive early warning systems and effective

climate risk mitigation strategies for Samarinda and other tropical regions.
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The STSR-ECFs modeling outputs for temperature in Samarinda are illustrated in the scatter plots presented
below, including the relationship between the previous temperature observation and the current value, as well

as the association between time and temperature

a. b.

Figure 2. Scatter Plots of (a) Previous observation temperature with temperature and (b) Time with temperature

The scatter plot between previous observation temperature (y ) and temperature (y) demonstrates a
moderately linear relationship, despite some dispersion around the trend. It suggests that the temperature
in each month is influenced by the temperature in the preceding month, thereby justifying the potential
use of time series models with autoregressive components, such as the Autoregressive (AR) model. These
models leverage the dependence structure between past and present values to improve forecasting accuracy.
In contrast, the scatter plot between time (V) and temperature (y) reveals cyclical fluctuations that recur
at regular intervals, indicating the presence of a seasonal pattern in the temperature data. Based on (Figure
2), these patterns suggest that both autoregressive and seasonal components are relevant for capturing the

underlying structure of the temperature time series in Samarinda.

The STSR-ECFs modeling is carried out by creating R-Code with R software. In this study, the oscillation

chosen minimizes the GCV value and considers the parsimony aspect of the model.

The model selection and computational analysis for the STSR-ECFs approach applied to temperature data in
Samarinda are summarized in (Figure 3). The GCV values across different oscillation orders (K) are shown
in (Figure 3a). The curve indicates that the lowest GCV value of 14.692 is obtained at K = 2, demonstrating
the best trade-off between model complexity and generalization. When K is less than 2, the model tends to
underfit, failing to capture important seasonal and nonlinear patterns in the data. Conversely, greater values
of K (i.e.,, K> 2) result in increased GCV, suggesting overfitting and reduced generalizability due to excessive
model flexibility. This confirms that K = 2 is the optimal choice for accurate temperature prediction using
the STSR-ECFs model.
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C. d.

Figure 3. STSR-ECFs modeling results for Samarinda City, including: (a) GCV versus oscillation, (b) actual versus
predicted values for in-sample data, (c) running time for each oscillation, and (d) radar chart based on GCV.

The comparison between actual and predicted values (in-sample) for each oscillation order K is presented in
(Figure 3b), visualized in a faceted plot. Each subplot illustrates the performance of the STSR-ECFs model
for a specific K value. Predictions for K = 2 most closely follow the actual data patterns, further supporting
the selection of K = 2 as the optimal model order. For K values much smaller or much larger than 2, the
predicted patterns either fail to capture the observed dynamics or become excessively wiggly, indicating

underfitting and overfitting, respectively.

The computational running time for each oscillation order is shown in (Figure 3c). The bar chart reveals
a clear upward trend, with running time increasing almost linearly as the number of oscillations grows.
This aligns with the higher computational burden associated with fitting more complex models that include
additional Fourier components. Nevertheless, the overall running times remain practical, supporting the

feasibility of implementing the STSR-ECF's approach even when moderate model complexity is required.

The GCV values for each K are visualized in a radar-chart format in (Figure 3d) , providing an alternative and

intuitive summary of model performance across oscillation orders. The radar chart highlights the minimum
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GCV at K = 2 and the relative increases for higher K, visually reinforcing the findings from the line plot. This
visualization helps quickly identify the optimal model parameter and communicate the relationship between

model complexity and performance to both technical and non-technical audiences.

These analyses underscore the importance of balancing model fit and complexity in semiparametric time-
series modeling. Selecting the optimal K based on the minimum GCV ensures that the model can accurately
and efficiently capture temperature dynamics in Samarinda, minimizing the risks of overfitting while avoiding
unnecessary computational costs. This balanced approach is essential for producing robust, interpretable,

and actionable forecasts in real-world climate applications.

Table 2. Accuracy Measure

Data MSE MAPE (%) Interpretation

In-Sample 0.119  1.025 Highly Accurate Prediction
Out of Sample 0.577  2.435 Highly Accurate Prediction
Overall 0.126  1.034 Highly Accurate Prediction

The accuracy results in (Table 2) indicate that the STSR-ECFs model exhibits consistently high performance
across in-sample and out-of-sample data, with MAPE values are less than 10%. The STSR-ECFs obtained is
considered highly accurate. This demonstrates that STSR-ECFs can effectively model the temporal dynamics
of temperature data and generalize well to testing data. Such results validate the model’s reliability for short-

term forecasting and seasonal pattern analysis. The best STSR-ECFs model is written in Equation (18).

2m(V, -1
$ = 25.814 £ 5181 x 10~ Ly,_, + 0.009V; + 0.230 m( (Ve ]J
n

2oV, =1 4V, — 1
+Ulzgzsin(M M

n

4m(V, - 11) (18)

n

J +0.216 cos( ) +0.085 sin(

n

Visualization of the prediction results of the STSR-ECFs model on out-of-sample data is given in (Figure 4).
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Figure 4. STSR-ECES for Out of sample Data and Forecast for 12 Future Period

The gray area in the STSR-ECFS plot (Figure 4) marks the testing period where the model predictions (dashed
blue line) closely follow the observations. Based on the STSR-ECFS projection for the following 12 periods,
the average monthly temperature in Samarinda is expected to increase from around 29.2°C in the first petiod
to 29.5°C at the end of the 12th period, with a seasonal peak reaching 30.0-30.2°C in the middle of the year
(petiods 5-7), decreasing to 29.4-29.6°C during the early rainy season (petiods 8—10), then strengthening
again to approach 30°C at the hotizon cover. This projection serves as an early warning system, emphasizing
the urgency of reducing carbon emissions, expanding green open spaces, and implementing fundamental
strategies, such as reflective roofs, tree corridors, cooling centers, and low-emission transportation so that

Samarinda becomes a city that is friendly and cares about the global climate crisis.

DISCUSSION

This study highlights the effectiveness and flexibility of the Semiparametric Time Series Regression with
Exponential Complex Fourier Series (STSR-ECFES) in modeling climate-based data characterized by strong
seasonality and nonlinear trends. The STSR-ECES framework, which combines a parametric autoregressive
component, and a nonparametric component based on a complex Fourier series, offers a significant

advancement over traditional methods, often limited in capturing the whole dynamics of climate data "'”.

This study presents a novel application of the STSR-ECFS model, incorporating explicit Fourier series
components within a semiparametric regression framework to temperature data from a tropical rainforest

region. Previous research in semiparametric modeling has typically used other nonparametric estimators, such

Innovaciencia

13


http://dx.doi.org/10.15649/2346075X.4589
http://dx.doi.org/10.15649/2346075X.5364

14

d.)" http//dx.doi.org/10.15649/2346075X.5364

as local linear ®**7% or spline methods ©, for the nonparametric component. However, using an exponential
complex Fourier-based estimator for the nonparametric component remains unexplored mainly in climate studies
for tropical rainforest environments. This methodological innovation allows the model to flexibly capture strong

seasonality and nonlinear trends inherent in such data.

Theoretically, the STSR-ECFS model is highly generalizable and can be applied to various domains where time
series data exhibit linear (autoregressive) and nonlinear (seasonal/periodic) structures. This opens opportunities
for its use in climate studies and fields such as hydrology, finance, epidemiology, and energy demand forecasting,
Empirical results based on Samarinda’s temperature data demonstrate that the STSR-ECFS model achieves
outstanding predictive performance for both in-sample and out-of-sample scenarios. The model produced
MAPE which is less than 2% for both in-sample and out-of-sample predictions. This high accuracy indicates

that the model can fit historical data effectively while maintaining excellent generalization to some petiods ahead.

In summary, the STSR-ECFS model represents an innovative, flexible, and empirically validated approach for
climate time series analysis, particularly for regions with complex seasonal and nonlinear characteristics such as
tropical rainforests. Its ability to deliver highly accurate predictions in both in-sample and out-of-sample contexts
underlining its potential for broader application in environmental monitoring and other fields with similar data

characteristics.

CONCLUSIONS

Theoretical studies on the Semiparametric Time Series Regression with Exponential Complex Fourier Series
(STSR-ECFS) model have been successfully conducted. This approach effectively captures both seasonal
cycles and long-term trends in temperature data with accelerating computation process which is in average
less than one second. When we apply the STSR-ECFES to Samarinda’s climate data, the model delivered highly
accurate predictions and flexibly accommodating the full range of observed fluctuations. It also supported
by with MAPE value which is less than 10%. However, the STSR-ECFS has limitation when the pattern has

no seasonal patterns.

This research highlights the novelty of integrating an exponential complex Fourier series into a semiparametric
regression framework for tropical rainforest climate modeling where this approach has not previously explored
in the literature. Looking ahead, enriching the parametric component by incorporating autoregressive terms
up to the p-th lag would enable STSR-ECFS to model more intricate serial dependencies, further boosting
predictive accuracy for tropical temperature series. In addition, incorporating confidence intervals through
simulation would provide a clearer assessment of uncertainty and strengthen the interpretability of the
model’s estimates. These results validate the STSR-ECFS model as an adaptable framework for climate
forecasting and decision-making support in regions facing complex seasonal and nonlinear climate variability.
The results of this research support the 13™ Sustainable Development Goals (SDGs) point, namely climate

change.
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