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ABSTRACT

In Jepara, Central Java, Indonesia, significant correlations between high rainfall and wind speed impact 
multiple sectors including health, agriculture, and infrastructure. This study aims to predict the effects 
of extreme weather by employing nonparametric regression based on Fourier series estimators. Data from 
December 2023 to March 2024, sourced from NASA, were analyzed using sinus, cosinus, and combined Fourier 
functions to model the dynamic and seasonal fluctuations of weather variables. This approach allows for 
a flexible modeling of these previously undefined functional relationships. The analysis revealed that the 
combined function model was superior, achieving an optimal Generalized Cross-Validation (GCV) score of 
0,236498 with a Fourier coefficient K=3, indicating a well-fitted model. Moreover, this model exhibited a 
low Mean Absolute Percentage Error (MAPE) of 1,887, demonstrating high predictive accuracy. These findings 
not only affirm the efficacy of Fourier series in nonparametric regression for weather forecasting but also 
underscore its potential in informing public policy and bolstering disaster preparedness in Jepara and similar 
regions vulnerable to extreme weather conditions.

Keywords: Nonparametric Regression; Fourier Series; Extreme Weather; Rainfall; Wind Speed; Predictive 
Accuracy; Generalized Cross-Validation (GCV); Mean Absolute Percentage Error (MAPE).

RESUMEN

En Jepara, Java Central (Indonesia), las correlaciones significativas entre las altas precipitaciones y la 
velocidad del viento afectan a múltiples sectores, como la sanidad, la agricultura y las infraestructuras. Este 
estudio pretende predecir los efectos del clima extremo empleando una regresión no paramétrica basada en 
estimadores de series de Fourier. Los datos de diciembre de 2023 a marzo de 2024, procedentes de la NASA, 
se analizaron utilizando funciones senoidales, cosenoidales y combinadas de Fourier para modelizar las 
fluctuaciones dinámicas y estacionales de las variables meteorológicas. Este enfoque permite un modelado 
flexible de estas relaciones funcionales previamente indefinidas. El análisis reveló que el modelo de función 
combinada era superior, alcanzando una puntuación óptima de validación cruzada generalizada (GCV) de 
0,236498 con un coeficiente de Fourier K=3, lo que indica un modelo bien ajustado. Además, este modelo 
mostró un bajo porcentaje medio de error absoluto (MAPE) de 1,887, lo que demuestra una elevada precisión 
predictiva. Estos resultados no sólo afirman la eficacia de las series de Fourier en la regresión no paramétrica 
para la predicción meteorológica, sino que también subrayan su potencial para informar las políticas
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públicas y reforzar la preparación ante desastres en Jepara y regiones similares vulnerables a condiciones 
meteorológicas extremas.

Palabras clave: Regresión no Paramétrica; Series de Fourier; Condiciones Meteorológicas Extremas; 
Precipitaciones; Velocidad del Viento; Precisión Predictiva; Validación Cruzada Generalizada (GCV); Error 
Porcentual Absoluto Medio (MAPE).

INTRODUCTION
In recent years, the occurrence of natural phenomena due to extreme weather has become one of the 

main focuses of study, especially in the climatology study section. The occurrence of global climate change 
resulting in changes in weather patterns is the main cause of increased frequency and intensity of rainfall in 
several regions in Indonesia.(1) Heavy rainfall often damages existing infrastructure, such as roads, bridges, and 
drainage systems, causing disruptions in the transportation sector and logistics distribution.(2) In addition to 
physical damage, high rainfall can also cause flooding, trigger landslides, cause various diseases, and damage 
natural habitats.(3) 

In agricultural areas, extreme rainfall damages crops, which in turn affects agricultural productivity and 
further causes food price fluctuations.(4) In the social sector, high rainfall disrupts the economic cycle by forcing 
business and production activities to stop temporarily.(5) Then in the education sector high rainfall often leads 
to school closures.(6) The impact on the social sector is the potential for increased social isolation for individuals 
in affected communities, especially the elderly or those with limited mobility.(7)

Therefore, it is necessary to conduct this research related to rainfall and influencing factors. So as to reduce 
the impact of high rainfall. The knowledge gained can guide public policies and strategies aimed at minimizing 
negative impacts and increasing community resilience to the challenges presented by extreme weather. 

In this study, rainfall was selected as the response variable Y and wind speed as the predictor variable X. An 
analysis in statistics used to investigate the pattern of functional relationships between the response variable 
Y and the predictor variable X is called regression analysis.(8) In regression analysis to estimate the pattern of 
functional relationships between response variables and predictor variables, two approaches are used, namely 
parametric regression and nonparametric regression approaches.(9) If the functional relationship between the 
response and predictor variables is assumed to follow a certain curve pattern, including linear, quadratic, cubic, 
and exponential, a parametric approach is suitable and if the shape of the functional relationship pattern is 
unknown, a nonparametric regression approach is used.(10) The nonparametric regression approach basically 
has high flexibility because the regression function is assumed to be smooth and not specified to have a certain 
shape so that in its estimation it can use certain smoothing methods by looking at the data pattern. There 
are several smoothing techniques that can be used in nonparametric regression approaches, including kernel 
estimators, linear local estimators, local polynomial estimators, spline estimators, Fourier series and so on.(11)

Regression analysis using a parametric regression approach and also nonparametric regression has been 
carried out by several researchers. Parametric regression research on cross section data that has been carried 
out by several researchers is quartile regression and high-dimensional regression.(12,13) Research on nonparametric 
regression analysis on cross section data was conducted on spline estimator, on kernel estimator, on linear 
local estimator and on Fourier series estimator.(14,15,16,17) Research using a parametric approach to time series 
data including conducted(18) combined Markov switching model and volatility model, linear regression studied, 
Autoregressive Integreted Moving Average (ARIMA) model studied and ARIMAX.(19,20,21) While research with a 
nonparametric approach to time series data includes kernel estimators conducted, linear local estimators, 
spline estimators, Fourier series estimators and local polynomial estimators.(22,23,24,25,26,27)

In regression analysis, several optimization methods include methods such as Least Squares (LS), Penalized 
Least Squared (PLS), Weigthed Least Squares (WLS) and many others. Some of the research that has been done 
includes(28) examining nonparametrics using LS(17) examining nonparametrics using the Fourier series and PLS(29) 
conducting research on Fourier series estimators in semiparametric regression using WLS optimization. PLS 
is an optimization method that provides a smoothing component to the LS method with optimization criteria 
that combine data fit with curve smoothness. PLS estimation is done to balance data adjustment and avoid 
excessive roughness.(30) Basically, PLS is very good to use because according Chen C et al.(31) states that in general 
Generalized Cross Validation (GCV) cannot choose parameters that are really good because the overfitting 
effect is ignored in the resulting model.(32) Researching on Penalized Maximum Likelihood Estimation (PMLE) 
states a suitable method to overcome overfitting, which means that PLS can also be used to avoid overfitting.

Research on the Fourier series estimator in semiparametric regression based on PLS has never been done 
either in terms of theory or in terms of application. The Fourier series estimator is one of the estimators in 
the nonparametric regression model that is able to overcome the fluctuating data pattern that rises high or 
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falls far around a certain value.  In rainfall data, which is very large and contains seasonal elements, it causes 
fluctuations around a high value and at a certain time then decreases to a much lower value, therefore it is 
suitable for use in the Fourier series estimator. The repeating pattern of data is very suitable for the Fourier 
series estimator, in the form of repetition of different independent variables.(33) Air pressure is a very important 
climate controller on earth, because of its role as a determinant in the distribution of rainfall in various regions 
on earth. Large rainfall will cause a lot of water on the surface to overflow so that the river cannot fully drain 
the water discharge and eventually cause flooding.(34) Rainfall is the amount of rain discharge that occurs and 
is recorded directly in an area which is observed by the rainfall observation station every day.(35) Ernyasih E 
et al.(36) stated in his research that the amount of rainfall had an impact on the health sector, not only on the 
health sector(37) also stated that the agricultural sector was also affected by changes in rainfall in Indonesia.
(38) argues that Jepara is one of the areas that since January 2019 has been adversely affected quite a lot in 
several sectors such as health and agriculture due to the very high rainfall discharge compared to other days. 
Therefore, it is necessary to study rainfall as a variable and the factors that influence it in Jepara. One of the 
factors that affect rainfall is wind speed which is used as a predictor variable.

In Jepara, Central Java, the observation of rainfall and wind speed data reveals periodic patterns over 
time, highlighting the need for a dynamic and adaptable modeling approach. The scatter plots between rainfall 
and wind speed indicate that the functional relationship between these variables is not readily discernible. 
This unpredictability necessitates the use of a nonparametric regression model with Fourier series estimators, 
specifically chosen to address the unknown functional relationships and the fluctuating patterns observed 
between these weather variables. The primary objective of this research is to develop a robust model capable 
of effectively predicting the impacts of these weather variables on the local environment. By employing the 
nonparametric regression approach, this study leverages the flexibility of the Fourier series to capture the 
inherent variability in the data. This method enhances the accuracy and reliability of the weather predictions, 
which are crucial for effective disaster preparedness in Jepara.

METHOD

Study Design and Data Collection
This study utilized a nonparametric regression approach with Fourier series estimators to analyze the 

relationship between rainfall and wind speed in Jepara, Central Java. Data for this analysis was collected from 
December 2023 to March 2024, sourced from NASA and validated with additional data from the Meteorology, 
Climatology, and Geophysics Agency (BMKG) of Indonesia.

Research Variables
The response variable used in this study is daily rainfall data in Jepara. The predictor variables used are 

factors that affect rainfall, one of which is wind speed. The variables used are described in table 1.

Table 1. Variables Structure

Notation Variable Detail

yt Rainfall The rainfall amount on a given day

gt Wind Speed Wind speed on a given day

T Time Number of daily observations over a given period

Source: https://power.larc.nasa.gov/data-access-viewer/

Modeling Approach
The primary modeling technique involved the use of Fourier series estimators to address the non-linear 

and periodic nature of the data. These estimators were particularly chosen for their ability to model unknown 
functional relationships and handle fluctuating patterns between rainfall and wind speed. The Fourier series 
model incorporated sinusoidal and cosinus functions to effectively capture the dynamics of the weather patterns.

Regression analysis is an analysis that is used to determine the pattern of functional relationships between 
response and predictor variables. One approach where the pattern of the relationship between the response 
variable and the predictor is unknown is nonparametric. Given a nonparametric regression model:(39,40,41,42,43)

Where y is response variable, g(.) is unknown smooth function and Et is zero mean and σ2 variance random 
error. To unknown smooth function in equation 1, we use Fourier series estimator. In this study g(Vt) which is 
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approximated by the following Fourier series function. The sinus function on Fourier series given by exponential 
complex function:

Where γ, α0, b is parameter in nonparametric function. The cosinus function on Fourier series given by 
exponential complex function:

Where γ, α0, a is parameter in nonparametric function. Then the sinus and cosinus on Fourier series given 
by exponential complex function:

Where γ, α0, a, b is parameter in nonparametric function.

Optimization and Validation
To get the best estimation, one of the most important things is to choose an optimal bandwidth with 

associated Fourier series function. This can be done using Generalized Cross-Validation criterion with formula 5:

Statistical Analysis
For the step of statistical analysis is:

1.	 Data Collection
•	 Data on rainfall and wind speed were gathered from December 2023 to March 2024.
•	 The primary sources of data were NASA and the Meteorology, Climatology, and Geophysics 

Agency (BMKG) of Indonesia, ensuring comprehensive coverage and validation.

2.	 Initial Data Assessment
•	 Preliminary analysis involved plotting scatter plots of rainfall against wind speed to visually 

inspect the data for any obvious patterns or relationships.

3.	      Model Selection
•	 Nonparametric regression with Fourier series estimators was selected as the modeling 

approach due to the non-linear and periodic nature of the weather data.
•	 The Fourier series model utilized sinusoidal and cosinus functions to capture the complex 

dynamics of the weather patterns.

4.	 Function Implementation 
•	 The Fourier series were applied using separate sinus, cosinus, and combined functions to 

model the relationship between rainfall and wind speed. 
•	 Each model variant was implemented to evaluate its effectiveness in capturing the underlying 

patterns in the data.

5.	 Optimization Process
•	 Generalized Cross-Validation (GCV) was used to optimize the model by selecting the best 

Fourier coefficient (K-value). This process involves minimizing the GCV score to find the most 
suitable model that fits the data well without overfitting.

6.	 Model Evaluation
•	 The Mean Absolute Percentage Error (MAPE) was calculated for each model configuration to 

measure its predictive accuracy.
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•	 The models were compared based on their MAPE values, with lower values indicating higher 
accuracy and better performance.

7.	 Final Model Selection
•	 The model configuration yielding the lowest MAPE and GCV scores was selected as the 

optimal model for predicting the relationship between rainfall and wind speed.

8.	 Prediction Implementation
•	 The selected model was then used to make predictions about future weather patterns based 

on the relationship identified between rainfall and wind speed.
•	 Predictions were validated against additional data sets to assess the model’s reliability and 

accuracy in real-world conditions.

9.	 Result Analysis and Reporting
•	 The outcomes of the predictive model were analyzed to understand the impact of extreme 

weather on the local environment in Jepara.
•	 Significant findings were documented and prepared for reporting in the study’s results 

section, highlighting the effectiveness of the chosen statistical techniques in weather prediction.

Results Interpretation
The final step involved interpreting the results based on the established criteria, with specific attention to 

MAPE value, to determine the most accurate and reliable model for predicting the impact of extreme weather 
on the local environment in Jepara. The MAPE for looking the best model is:

Where T is the size of the sample, y ̂t is the value predicted by the model for time point t and y is the value 
observed at time point t. The criteria for MAPE values are shown in the following table 2.

Table 2. MAPE Value Criteria

MAPE Definition

< 10 Highly Accurate

10 – 20 Accurate

20 – 50 Reasonable

>50 Inaccurate

RESULTS
In this section, discuss the results of the analysis on rainfall and wind speed in Jepara Indonesia. The data 

obtained in the form of time series data from December 2023 to March 2024 comes from NASA and is validated 
with data from BMKG Indonesia. For initial justification, namely checking the correlation of rainfall with wind 
speed. The following are the results of the correlation between rainfall and wind speed:
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Figure 1. Confusion Matrix between rainfall and wind speed
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It can be seen in figure 1 that the image is close to the red and blue colors, meaning that there is a correlation 
between rainfall and wind speed. So based on the justification, an analysis will be carried out to determine 
the functional relationship between rainfall and wind speed using a nonparametric regression approach. The 
first step is to look at the scatter plot to provide an assumption that the functional relationship does not form 
a certain curve pattern. The following is the scatter plot between rainfall and wind speed:

Figure 2. Scatter Plot of Rainfall and Wind Speed

Based on the figure above, it can be seen that the scatter plot does not form a certain pattern. However, to 
strengthen this, linear, quadratic and cubic tests were conducted. The following are the results of parameter 
significance in each test:

Table 3. Linear, quadratic and cubic tests

p-value

LM <2e-16

KD <2e-16

KB <2e-16

The results in table 3. Strengthen the assumption that the scatter plot does not form a specific curve 
because the value of p-value in each test is more than a=0,05.

If it is proven that the scatter plot does not form a certain pattern, a nonparametric regression analysis 
using the Fourier series estimator is performed. The first stage in nonparametric regression using the Fourier 
series estimator is to determine the minimum GCV value on each lambda. The change in lambda value is used to 
overcome overfitting. Then it is applied to each Fourier coefficient which in this case we set as many as 10. The 
following are the results of the selection of the minimum GCV on the sinus, cosinus, and combined functions:
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Figure 3. GCV Plot of Sinus Function
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Figure 4. GCV Plot of Cosinus Function
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Figure 5. GCV Plot of Sinus and Cosinus Functions

Based on the GCV plot of figure 3 to figure 5, it can be seen that each function has a minimum GCV value. 
The minimum value of each function is presented in the following table:

Table 4. Minimum GCV and Lambda Values for Each Fourier Coefficient

Function Sinus Cosinus Sinus and Cosinus

K GCV Lambda K GCV Lambda K GCV Lambda

1 0,4658771 99 1 0,3863733 0,0614 1 0,3337836 0,36

2 0,4639826 0,24 2 0,4728689 79 2 0,3438216 19

3 0,4294802 0,04 3 0,4729293 79 3 0,236498 0,1

4 0,3746454 0,016 4 0,4730912 -79 4 0,3266246 0,55

5 0,3728737 0,03 5 0,4729232 79 5 0,3435036 19

6 0,3906429 0,05 6 0,4730797 -79 6 0,3432016 19

7 0,4194249 0,09 7 0,4733741 -79 7 0,3431409 19

8 0,4587442 0,35 8 0,4739249 -79 8 0,3435949 19

9 0,4659256 99 9 0,4729318 -79 9 0,3429616 19

10 0,4610382 0,53 10 0,4728395 -79 10 0,3437124 19
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In table 4, the GCV value of sinus has a greater average than cosinus and the combination of the two. While 
for GCV cosinus is greater than the GCV of the two functions combined. The following table compares the 
Optimal K value, Minimum GCV, and Lmabda of each function:

Table 5. Comparison of K, GCV, and Lambda Values for Each 
Function

Sinus Cosinus Sinus and Cosinus

K 5 1 3

GCV 0,3728737 0,3863733 0,236498

Lambda 0,03 0,0614 0,01

Based on Table 5, it can be concluded that knowing the best value in nonparametric using the Fourier 
series can be seen from the GCV. It can be seen that the minimum GCV value is in the combination of the two 
functions and is at Fourier coefficient 3 with a GCV value of 0,236498 and lambda 0,1. So that the sinus and 
cosinus models that can be formed are:

Because the ultimate goal of this research is prediction, it is also necessary to look at the criteria for model 
goodness. For the criteria of model goodness used in this study, namely MAPE, so each function is seen by the 
MAPE value. The following are the results of MAPE on each function:

Table 6. Comparison of MAPE Values for Each 
Function

Sinus Cosinus Sinus dan Cosinus

MAPE 5,761 2,917 1,887

It can be seen in table 6. that the smallest MAPE value is also obtained in the combination of both sinus and 
cosinus functions. In the table it can also be read that the sinus, cosinus, and combined functions are quite 
well used for prediction. It’s just that to get the best results in prediction, the combined function of the two 
can be used.

Table 7. Rainfall Prediction Using Combined Functions

Prediction Combined Functions

Time Rainfall 
Prediction Rainfall Data

10 March 2024 6,29 7,99

11 March 2024 15,64 12,31

12 March 2024 4,13 5,78

13 March 2024 3,46 4,08

14 March 2024 7 7,52

15 March 2024 6,48 7,37

16 March 2024 13,18 11,93

17 March 2024 7,14 8,01

18 March 2024 11,69 10,68

19 March 2024 7,54 8,07

Based on table 7 and figure 6, it can be seen that the value of rainfall search does not have significant 
fluctuations. Only it cannot be used for justification in reading the prediction results because it requires expert 
exposure also in the field of weather to read the value of the prediction results in detail. However, it can be 
used as a reference in determining policies because it is not much different from the original data.
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Figure 6. Comparison plot of actual and predicted rainfall data

DISCUSSION
Our analysis of extreme weather patterns in Jepara, Central Java, Indonesia, using nonparametric regression 

approaches and Fourier series estimators reveals significant correlations between high rainfall and wind speed, 
impacting multiple sectors including health, agriculture, and infrastructure. hal itu diperkuat dalam research 
conducted(36) which states that rainfall affects the agricultural sector which is also affected by changes in 
rainfall in Indonesia. These findings are crucial as they diverge from traditional models that often do not 
capture the non-linear and seasonal variations inherent in seasonal data.

In contrast to parametric models, which assume a predefined relationship between variables, our approach 
adapts to the inherent irregularities of environmental data. This flexibility is exemplified in the superior 
performance of the combined sinus and cosinus Fourier series model, which not only provided the lowest 
Generalized Cross-Validation (GCV) score but also demonstrated high predictive accuracy with a low Mean 
Absolute Percentage Error (MAPE).

These results underline the efficacy of Fourier series in capturing complex, dynamic patterns in weather data, 
which are often missed by simpler linear or polynomial models. This is particularly relevant given the increasing 
unpredictability of weather patterns due to climate change, as noted in recent studies(28,29). Furthermore, the 
successful application of this method provides a robust framework for improving disaster preparedness and 
informing public policy in regions vulnerable to extreme weather conditions.

Despite these promising outcomes, our study is not without limitations. The reliance on historical data from 
specific datasets (NASA and BMKG) may not fully represent future conditions, especially as climate patterns 
continue to evolve. Additionally, the complexity of Fourier series models may limit their practical application 
by local meteorological agencies without specialized training.

Future research should focus on integrating more diverse data sources, including real-time satellite imagery 
and ground reports, to enhance the model’s responsiveness to immediate weather changes. Further exploration 
of machine learning techniques could also be employed to refine the accuracy of predictions and handle larger 
datasets more efficiently, thus supporting more timely and effective responses to extreme weather threats.

CONCLUSIONS
This study uses a nonparametric regression approach with a Fourier series estimator to explore the 

relationship between rainfall and wind speed. Through analysis, it was found that the combination of sinus and 
cosinus functions gave the most accurate prediction results. The minimum GCV value achieved was 0,236498 
at Fourier coefficient K=3, indicating a good model fit to the data. In terms of prediction accuracy, the lowest 
MAPE value was 1,887, which was also obtained from the combination of sinus and cosinus functions, indicating 
a high level of accuracy in rainfall prediction. This conclusion suggests that the Fourier series approach in 
nonparametric regression is very useful for weather prediction models, especially in the context of extreme 
weather that impacts various sectors of life.
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