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Abstract

Global climate change is making weather conditions in Indonesia, particularly in Palembang City, increasingly
difficult to predict. The unexpected high-intensity rainfall frequently triggers hydrometeorological disasters, leading
to threats to human safety and substantial economic losses. Consequently, reliable rainfall forecasting systems are
urgently needed to support early warning, disaster mitigation, and operational planning across critical sectors. This
research aims to design an accurate rainfall forecasting model for Palembang City by applying the Multiple Attribute
Hierarchical Fuzzy Logic System (HFLS) with quartile-based consequent calibration. The method integrates the
strengths of both Sugeno and Mamdani fuzzy inference models within a hierarchical structure to manage data
uncertainty more effectively and reduce rule complexity. Unlike conventional fuzzy rainfall models that rely on fixed
rainfall intensity categories, this study introduces a quartile-based calibration of Sugeno consequent values derived
from local rainfall data. The model is developed using daily meteorological variables such as temperature, humidity,
sunshine duration, and wind characteristics, obtained from the BMKG station in Palembang. Two configurations of
consequent values are tested, one using conventional rainfall intensity categories and the other using quartile-based
local data distribution derived from empirical rainfall observations. The experimental results show that the quartile-
based configuration significantly improves accuracy, achieving MAE of 12.26 mm and RMSE of 25.85 mm,
outperforming the conventional configuration (with MAE of 18.89 mm and RMSE of 28.29 mm). These findings
highlight the importance of integrating hierarchical fuzzy architecture with locally calibrated consequent values to
enhance rainfall prediction performance in tropical regions characterized by highly skewed rainfall distributions.

Keywords : Fuzzy Inference System, Mamdani Fuzzy, Multiple Attribute Hierarchical Fuzzy Logic System, Rainfall
Prediction, Sugeno Fuzzy.
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1. INTRODUCTION

Rainfall is the height of rainwater collected on a flat, non-flowing, non-permeating, and non-
evaporating surface, measured in millimeters [1] [2]. In Indonesia, unpredictable weather conditions
make it difficult to forecast rainfall, especially with unstable climate change. The lack of rainfall
prediction can be dangerous, considering its potential impact in causing floods, landslides, and other
disasters [3] [4]. Rainfall prediction activities are crucial, especially in agriculture, transportation, and
industry, as these sectors are weather-dependent and heavily rely on rainfall prediction information [5]
[6].

Research to predict rainfall has been conducted extensively by previous researchers using various
methods. Some techniques that have been used in previous research to predict rainfall include the fuzzy
logic method [7] [8] [9], artificial neural networks [10] [11] [12], and data mining [13] [14]. Fuzzy logic
is a method often used by researchers to predict data because it can be used to analyze problems
containing uncertainty, one of which is the prediction process [15]. Within the fuzzy inference system
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(FIS) calculation technique, there are 3 methods that have been used by previous researchers to predict
data and make decisions: the Mamdani method [16], the Takagi-Sugeno method [17], and the
Tsukamoto method [18].

Fuzzy logic is very flexible and tolerant of existing data [19] [20]. Fuzzy logic methods have been
widely used by researchers in various problems. Among them is research that predicts rubber production
using Mamdani fuzzy logic. The results of the research show that the amount of rubber production based
on the correct demand and inventory is accurate with a truth value percentage of 87.83% and an error
value of 12.17% [21].

According to research on predicting Mahanda tofu production, the total production calculation
with the Fuzzy Sugeno Technique, the variables used in this research are demand, inventory, and
production variables. The test result data has an error of 0.19%, while the calculation results have an
accuracy of 99.81%, and this method can be applied to predict tofu production in the next period [22].
In reducing the complexity of fuzzy systems, the Hierarchical Fuzzy Logic System emerges as one of
the most viable options [23]. In that research, an approach was taken to design a system comprising
various small-dimensional fuzzy subsystems, all of which were then arranged in a hierarchical structure.
This approach can handle a large number of fuzzy rules and pave the way for designing advanced big
data systems such as IoT, intelligent systems, cybersecurity, WSN, etc.

Based on previous research, most existing fuzzy rainfall prediction studies, including hierarchical
fuzzy logic systems, still define consequent values based on fixed or generalized rainfall intensity
categories, without considering the local rainfall data distribution. Such approaches tend to be less
effective for daily rainfall data in tropical regions, which are highly skewed and dominated by no-rain
and light-rain events. To the best of the authors’ knowledge, no previous study has explicitly integrated
a hierarchical fuzzy logic architecture with statistically calibrated, quartile-based Sugeno consequent
values derived from local rainfall distributions for daily rainfall forecasting.

Given these considerations, several research have used the Fuzzy Sugeno and Mamdani methods
for forecasting, so the author is interested in taking a quantitative approach to problem-solving by
conducting research on rainfall forecasting in Palembang City using the Hierarchical Fuzzy Logic
System method, which combines the Fuzzy Logic Sugeno and Mamdani methods to obtain better results
in rainfall forecasting by introducing quartile-based calibration of consequent values derived from local
rainfall observations. This research has also supported the achievement of the Sustainable Development
Goals (SDGs), particularly Goal 11 (Sustainable Cities and Communities), by providing a prediction
system to support early warning, disaster planning, and mitigation in urban areas such as Palembang
City.

2. METHOD
2.1. Theoretical Framework

2.1.1. Fuzzy Logic

Fuzzy Logic was developed in 1965 by Professor Lotfi A. Zadeh. Fuzzy Logic is the science that
studies uncertainty, ambiguity, and approximation, thus requiring clarification. Fuzzy Logic is also
capable of mapping the input space to the output space correctly [24]. According to Irawan and Hervina
in 2019 [25], Fuzzy Logic is a control system methodology for problem-solving that is suitable for
application in systems ranging from simple to complex. Fuzzy Logic can be applied in various fields,
including medicine for diagnosing patient illnesses, economics for modeling marketing systems, water
quality control, weather forecasting, and others. Fuzzy Logic has a degree of membership between 0
and 1, unlike digital logic which only has two values: 1 or 0. Fuzzy Logic is used to translate a quantity
expressed in linguistic terms, such as the speed of a vehicle expressed as slow, somewhat fast, fast, and
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very fast. And Fuzzy Logic shows the extent to which that value is true and the extent to which it is false
[26][27]. Fuzzy logic is selected in this study due to its capability to model uncertainty in meteorological
variables and its interpretability, which is essential for decision-support systems in disaster mitigation.

2.1.2. Fuzzy Hierarchical Model

The architectural design of hierarchical behavior systems is based on the premise that navigational
behavior can be decomposed into a number of specific behaviors [28] [29]. Behavior can be organized
as a hierarchical network of distributed fuzzy rule bases, each responsible for some aspect of the system's
functionality [30] [31]. The set of primitive behaviors is at the lowest level, called the primitive level.
These behaviors serve as the basis for fuzzy rules in regulating different controls, which are managed
by a fuzzy inference system [32]. The hierarchical structure is adopted to reduce rule explosion caused
by multi-attribute inputs while preserving linguistic interpretability, making the model more scalable
and suitable for complex environmental data. Here is a general overview example of the Fuzzy
Hierarchical Model, shown in Figure 1.

Cascaded hierarchical tree structure
T QUTPUT

Fuzzy logic
Level 3 unit (1)

A g

( 1
Fuzzy logic Fuzzy logic
Ll 2 unit (1) unit (2)
Fuzzy logic Fuzzy logic Fuzzy logic

Lol 1 unit (1) unit (2) unit (3)

Figure 1. General Structure of a Fuzzy Hierarchical System [23]

2.1.3. MAE dan RMSE

The methods used for prediction are not always accurate because the methods used may not be
suitable for the nature of the data. Therefore, an evaluation is needed to determine whether the
predictions made are accurate or not. In principle, prediction evaluation is done by comparing the results
of the forecast with the actual outcome. MAE and RMSE were selected because rainfall data contain
zero and near-zero values, which make percentage-based metrics such as MAPE unstable and
misleading. RMSE emphasizes larger errors, making it suitable for evaluating extreme rainfall
prediction, while MAE provides a balanced measure of average error. The prediction method that
produces the smallest deviation is the appropriate prediction method to use [33].

1)  Mean Absolute Error (MAE)
The Mean Absolute Error (MAE) method is used to determine the magnitude of errors that occur

in the data from the forecasting results compared to the actual data by averaging the absolute values of
the errors. Here is the formula for MAE [34] :

MAE = 223 (1)
Whereas:
o n = number of data points
o y: = observed data at time t
o V. = forecasted data at time t
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2)  Root Mean Square Error (RMSE)

Root Mean Square Error (RMSE) is one of the most commonly used evaluation metrics in
prediction or regression research to measure the difference between predicted and actual values. RMSE
is based on the square root of the mean squared error. The error for each prediction is calculated as the
difference between the actual value (y:) and the predicted value (¥1), then squared to eliminate negative
values and increase the penalty for large errors. These squared values are then averaged and square
rooted to return them to the original data units. Here is the formula for RMSE [35] [36]:

RMSE = /WT_”Z )

Whereas:

o n = number of data points

o y: = observed data at time t
. ¥+ = forecasted data at time t

2.2. Research Methodology

In order for the issues discussed in this research to be answered and explained clearly, a structured
research framework is required. Figure 2 shows the research design, which aims to provide clear
direction and purpose for the research.

Literature Study

l

[ Data Collection ]

]

Algorithm and
Application
Implementation

l

[ System Testing ]

l

Rainfall Prediction
Performance
Analysis

Figure 2. Research Flow and Framework

2.2.1. Exploration Stage

This stage aims to build a strong theoretical and practical foundation for the research, which is
done by conducting a literature review. The exploration phase will produce outputs such as a knowledge
map of the state-of-the-art, identification of research gaps, and the basis for selecting the weather
variables (attributes) to be used. Additionally, it produces outputs in the form of a list of final variables
used, as well as an initial set of qualitative fuzzy rules that serve as the basis for model design.

2.2.2. Dataset Acquisition

This stage focuses on acquiring and preparing the dataset used to build and test the model. The
output of this stage will be a clean, structured, and ready-to-use dataset, which has been divided into
training and testing data. The activities at this stage are as follows:

a)  Data Acquisition: Requesting and obtaining historical daily weather data from BMKG

Palembang. Data were collected over a three-year period (January 2023—September 2025). This
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period was selected due to data completeness and consistency, which are critical for fuzzy rule
construction and hierarchical inference stability.
b)  Data Cleaning: Handling missing data using methods such as interpolation or delete certain row.

2.2.3. Algorithm and Application Implementation

This stage is the main stage where the Hierarchical Fuzzy Logic System (HFLS) model is
designed and coded. The output generated at this stage is a functional rainfall forecasting
application/system prototype. The activities at this stage are as follows:

a)  Fuzzification: Determining fuzzy sets and membership functions.
b)  Hierarchical Structure Design: Designing the model's architecture in layers.

Example: Level 1 consists of several simple fuzzy modules. Level 2 will take the output from all

modules in Level 1 as its input to produce the final Rainfall prediction.

¢)  Rule Base Formation: Translating knowledge from literature and experts into I[F-THEN rules for
each fuzzy module in the hierarchy.

d)  Defuzzification: Choosing a defuzzification method to convert the fuzzy output results into
understandable numerical (crisp) values.

e) Implementation: Writing program code based on the above design using Netbeans software with
the Java programming language.

2.2.4. System Testing

This stage aims to measure how well the created model performs. The expected output at this
stage is a set of prediction results from the model for all testing data. The activities at this stage are as
follows:

a) Running the system using testing data (data the model has never seen before).

b)  For each data point in the test set, the system will output a predicted value.

c)  The predicted value is then recorded and stored for comparison with the actual rainfall values
from the dataset.

2.2.5. Analysis of Rainfall Prediction Performance

The final stage for evaluating, interpreting results, and concluding the research, with the following

activities:

a)  Calculation of Evaluation Metrics: Calculating the model's performance level by comparing
prediction results with actual data using standard metrics.

b)  Error Metrics: For evaluating regression performance.

c) Commonly used metrics are Mean Absolute Error (MAE) and Root Mean Square Error (RMSE).
The smaller the error value, the better the model.

d)  Interpretation of Results: Analyzing the results, discussing why the model succeeded or failed.

e)  Drawing Conclusions: Formulating the main conclusions of the research and providing
suggestions for future development.

3.  RESULT

3.1. Data Source

The data source for this research comes from the daily weather data of the BMKG Station in
Palembang City, obtained through an acquisition process via the official BMKG data online website.
The data collected is daily data gathered over the past 3 years, from January 1, 2023, to September 30,
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2025. A total of 1006 daily data rows were collected to ensure the diversity of weather patterns and the
stability of the prediction model.

3.2. Type of Data Used

The research uses daily weather data, including the following variables:

a) TN : Minimum temperature (°C)

b) TX : Maximum temperature (°C)

c) TAVG : Average temperature (°C)

d) RH AVG : Average humidity (%)

e) SS : Duration of sunshine (hours)

f) FF X : Maximum wind speed (m/s)

g) FF AVG : Average wind speed (m/s)

h) DDD X : Wind direction at maximum speed (°)

1) DDD _CAR : Most frequent wind direction (°)

1) RR : Rainfall (mm), used as the main output for prediction.

The selected meteorological variables represent the main physical processes influencing rainfall
formation in tropical regions. Temperature variables reflect atmospheric instability, humidity indicates
moisture availability, sunshine duration represents convective energy, while wind speed and direction
influence moisture transport and convergence. These variables are commonly used in operational
meteorology and previous rainfall forecasting studies. The weather data used in this research can be seen
in Table 1.

Table 1. Research Dataset
DAT TAV RH AV FF_ FF AV DDD_ DDD CA

No E ™ TX G G SS X G % R RR
1 01- 23 32, 268 84 8. 7 3 360 NW 0
01- 1 4
2023
2 02- 24, 31. 267 82 5. 15 4 350 NW 0.5
01- 4 8 1
2023
3 03- 22. 27. 25 90 2. 6 3 300 NW 22.
01- 2 9 3 3
2023
100  29- 24, 27. 258 91 2. 5 2 309 W 7.5
5 09- 4 9 9
2025
100 30- 24 31. 265 89 1. 5 2 251 W 0.6
6 09- 9 4
2025
Explanation:

a)  8888: Data not measured
b) 9999: No Data (measurement not taken)

The dataset used contains missing and unmeasured data. Therefore, a data cleaning process was
performed using interpolation techniques, so that all invalid values (-, 8888, 9999) have been replaced
by the average of the data before (h-1) and after (h+1) in the same column based on chronological order
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(date). The proportion of interpolated data was less than 2% of the total dataset, minimizing potential

bias in the fuzzy inference process. Interpolation was applied only to isolated missing values and not to
consecutive missing periods.

3.3.
3.3.1.

a)

b)

d)
e)

3.3.2.

Data Exploration and Analysis

Daily Data Exploration

Based on the EDA process, the initial interpretation is:

Complete data: No missing values or special codes (8888/9999) were found, meaning the
interpolation successfully produced clean data.

Rainfall (RR): Distribution is highly uneven, with a median of only 0.5 mm, indicating most days
are without rain, but occasional extreme rainfall events of up to 112.7 mm occur.

Temperature (TAVG): relatively stable between 24-31°C, with a maximum temperature of
approximately 37°C.

Humidity (RH_AVG): high, averaging 81.7% and reaching a maximum of nearly 100%.
Sunshine (SS): average 4.86 hours per day; likely lower during the rainy season.

Wind direction (DDD_X) varies widely (1-359°), indicating significant fluctuations in wind
direction.

Correlation Matrix Analysis

At this stage, a correlation analysis was performed between weather variables and rainfall (RR)

to identify the most influential factors. The correlation matrix can be seen in Figure 3.

3.3.3.

Corvelation matrlx between weather varables and ralnfall IRR} - Falembang Clty

RH_ANG  16NG

RR
'

55

- nas LR am -Lnn nas aam aiz

- 04l o ERE]

- .14

002 022

FF_AWG LODD_X  FF_X

™ TH  TWG RHAMG  RR a5 FF% 000X
Figure 3. Correlation Matrix Between Variables and Rainfall (RR)

FF_ING

Based on the correlation analysis process, the following interpretations were obtained:

The factor with the most positive influence on rainfall is air humidity (RH_AVG).

The factor with the most negative influence is minimum temperature (TN), indicating that colder
night temperatures often precede or coincide with rainfall.

Other relationships, such as wind speed and direction, have a weak correlation with daily rainfall,
suggesting they may play a greater role in a spatial or seasonal context, rather than daily.

Time Trend Analysis

Time trend analysis was performed on the daily rainfall data using daily variation visualization,

as shown in Figure 4.
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Daily Rainfall (RR] data in Palembang City
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Figure 4. Time Trend of Daily Rainfall Data

Based on the time trend graph of daily rainfall in Palembang City with daily data (1006 days), the

daily data trend can be interpreted as follows:

a)

b)

a)

b)
c)

3.3.4.

The graph shows uneven rainfall fluctuations, with most days having no rain followed by peaks
of high rainfall during certain periods.

There appears to be a recurring period of intense rainfall, reflecting the typical seasonal pattern
of a tropical climate (wet and dry seasons).

In contrast, the monthly average trend can be interpreted as follows:

The highest rainfall occurs in several months with an average of > 15 mm/day — usually around
December—March (the rainy season).

The lowest rainfall (< 1 mm/day) occurs in July—August, the dry season.

This pattern is consistent with the characteristics of Palembang's humid tropical climate, where
rainfall fluctuations significantly affect humidity and temperature.

Outlier Analysis and Rainfall Distribution Analysis

Based on the results of outlier analysis and rainfall distribution analysis, the following

interpretations were obtained:

a)

b)
c)

d)

Most rainfall values are in the range of 0—20 mm/day, but approximately 13% of the days were
recorded as outliers with rainfall above 21 mm.

These outliers represent heavy to extreme rainfall events, which can reach >100 mm/day.

The data distribution is highly right-skewed — many days without rain, and few days with high
rainfall.

The median value (0.5 mm) is much smaller than the average (8.3 mm), reinforcing the heavy
distribution on the right side.

With these results, the dataset shows a dominant non-rainfall pattern with sporadic extreme

events, which is very suitable for application to the Hierarchical Fuzzy Logic System (HFLS) model

used in this research, as fuzzy systems can handle uncertainty and non-normal data distribution.

34.

Formation of a Hierarchical Structure

At this stage, a two-level Hierarchical Fuzzy Logic System (HFLS) structure is formed, shown in

Figure 5 with the following steps,:

1)

Level 1: Fuzzy Sub-module (processes all features)

Four physical sub-modules, each producing an index between (0—1) or more concise linguistic
labels, using the Mamdani FIS (Fuzzy Inference System).

a) Thermal Module — Thermal Index
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2)

b)

c)
d)

Moisture Module — Humidity Index
Solar Module — Solar Energy Index
Wind Module — Air Circulation Index

Level 2: Main System (combining all modules — RR)
Using Sugeno FIS, the rainfall output is directly numerical.
Hierarchical Fuzzy Logic System (HFLS) Structure shown in Figure 5.

ss

TN, TX, TAVG

FIS Mamdani

Thermal Module

/ Level 1 - Sub Module Fuzzy \

Thermal Index

Input : TN, TX, TAVG
Output : Thermal Index (0~1)

FIS Mamdani

Moisture Index

Moisture Module
Input : RH
\___Output : Moisture Index (0~1)

FIS Mamdani

FF_XFF_AVG,
DDD_X, DDD_CAR

/ Level 2 - Main System

| FIS Sugeno

Input : Thermal Index, Moisture Index,

Solar Module
Input : 8§
\ Output : Solar Index (0~1)

FIS Mamdani

‘Wind Module

Solar Index

Solar Index, Wind Index

Tnput : FF_X, FF_AVG,
DDD_X, DDD_CAR

K\ Output - Wind Index (0~1 —/

Wind Index

> Output : RR / Rainfall (0~120)

A

:

~

/

Rainfall

Figure 5. Hierarchical Fuzzy Logic System (HFLS) Structure

The membership function graphs for each input are shown in Figure 6 and Figure 7.
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Figure 6. Membership Function Graph for Input Level 1
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Figure 7. Membership Function for Each Submodule Index
3.5. Rule Base Formation
The complete set of rule bases used in this research is presented as follows:
1)  Level 1 - Thermal Module
Input : TN, TX, TAVG Output : [dxThermal
1. IF TN = Low AND TAVG = Low THEN IdxThermal = Cold
2. IF TAVG = Medium THEN IdxThermal = Normal
3. IF TN = High AND TAVG = High THEN IdxThermal = Hot
4. IF TX = High THEN IdxThermal = Hot
5. IF TN = Low AND TX = Low THEN IdxThermal = Cold
2)  Level 1 - Moisture Module
Input: RH AVG Output : [dxRH
1. IF RH AVG = Low THEN IdxRH = Low
2. IF RH_AVG = Medium THEN IdxRH = Medium
3. IF RH_AVG = High THEN IdxRH = High
3) Level 1 - Solar Module
Input : SS Output : [dxSolar
1. IF SS = Short THEN IdxSolar = Short
2. IF SS = Medium THEN IdxSolar = Medium
3. IF SS = Long THEN IdxSolar = Long
4)  Level 1 - Wind Module

Input : FF_AVG, FF_X, VarDirection Output : [dxWind

1.

A e

IF FF_AVG = Weak AND VarDirection = Stable THEN IdxWind = Calm

IF FF_ AVG = Medium AND VarDirection = Changing THEN IdxWind = Active
IF FF_AVG = Strong THEN IdxWind = Convergent

IF FF_X = Extreme THEN IdxWind = Convergent

IF FF_AVG = Medium AND VarDirection = Stable THEN IdxWind = Active
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5) Level 2 Module (Sugeno FIS)
Input : IdxRH, IdxThermal, IdxSolar, IdxWind Qutput : Rainfall / RR
1. IF IdxRH = High AND IdxThermal = Cold AND IdxSolar = Short
THEN RR = ExtremeRain
2. IF 1dxRH = High AND IdxThermal = Normal THEN RR = HeavyRain
IF IdxRH = High AND IdxWind = Convergent THEN RR = HeavyRain
4, IF IdxRH = Medium AND IdxWind = Active AND IdxSolar = Short
THEN RR = Moderate
5. IF IdxRH = Medium AND IdxThermal = Hot AND IdxSolar = Long
THEN RR = LightRain
IF IdxRH = Low THEN RR = NoRainfall
IF IdxThermal = Hot AND IdxSolar = Long THEN RR = NoRainfall
IF IdxWind = Calm AND IdxRH = Low THEN RR = NoRainfall
IF IdxThermal = Cold AND IdxSolar = Short AND IdxRH = Medium
THEN RR = Moderate
10. IF IdxWind = Convergent AND IdxSolar = Short AND IdxThermal = Cold
THEN RR = ExtremeRain

W

A S

3.6. Predicted Rainfall Results

The evaluation results of the Hierarchical Fuzzy Logic System (HFLS) model were obtained using
a dataset containing 1,006 days of weather observations, with two consequent value configurations.
Rainfall output (RR) use five linguistics that are listed as follows: NoRainfall, LightRain, Moderate,
HeavyRain, and ExtremeRain. Configuration 1 uses fixed values based on conventional rainfall intensity
(0, 5, 20, 45, 80 mm), while Configuration 2 uses quartile-based values from Palembang rainfall data
(0,0,0.5, 8.5, 112.7 mm). The prediction output results can be seen in Table 2, and all prediction results
are used as the basis for evaluating model performance. The Mean Absolute Error (MAE) and Root
Mean Square Error (RMSE) calculations are based on the difference between the prediction and the
actual rainfall.

Table 2. Rainfall (RR) Prediction Results

No Date RR_?ctua RR_predl abs_le rror RR_ZPred abs_error2
1 01-01-2023 0 0 0 0 0
2 02-01-2023 0.5 45 44.5 8.5 8
3 03-01-2023 223 80 57.7 112.7 90.4
100 29-09-2025 7.5 0 7.5 0 7.5
5
100 30-09-2025 0.6 0 0.6 0 0.6
6
MAE 18.89 12.26
RMSE 28.29 25.85

A graph comparing the average actual rainfall (RR) with two prediction results, RR_predl and
RR_pred2, displayed monthly for the entire data period shows in Figure 8.
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Figure 8. Graph Comparing Average Monthly Rainfall Prediction
A brief comparison of the performance of both configurations is shown in Table 3.
Table 3. Comparison of Rainfall Prediction Configuration Performance
Metric / Aspect Configuration 1  Configuration 2 Interpretation
MAE (mean absolute error) 18.89 mm 12.26 mm Conf. 2 is more accurate
Median error 9.0 mm 3.7 mm Conf. 2 is more stable
Max error 111.8 mm 112.7 mm Both are affected by
outliers
Light rain accuracy Poor Very Good Conf. 2: Very Good
Moderate rainfall accuracy Moderate Good Conf. 2: Excellent
Heavy—extreme rainfall Moderate Good Conf. 2 is more adaptable.
accuracy
Alignment with data Low High Conf. 2 similar to local data
distribution

Prediction errors remain relatively high for extreme rainfall events due to their low frequency in
the dataset, causing limited rule activation for high-intensity rainfall conditions. This phenomenon is
common in imbalanced climatological datasets where rare events are underrepresented. Additionally,
there exists a trade-off between interpretability and accuracy, as the fuzzy rule-based approach
prioritizes transparency over aggressive numerical optimization. Nevertheless, the hierarchical design
ensures that the model remains scalable and can be adapted to other regions by recalibrating consequent
values using local rainfall distributions without restructuring the entire rule base.

4. DISCUSSIONS

This study has several limitations. First, the dataset covers a three-year period, which may not
fully capture long-term climate variability. Second, fuzzy rule formulation still involves expert
judgment, which may introduce subjectivity. Third, this study does not include direct performance
comparison with advanced machine learning models such as LSTM or XGBoost. These limitations
provide opportunities for future research to integrate hybrid approaches and longer temporal datasets.

The results of this research prove that integrating HFLS with the consequent quartile values
significantly improves performance and is suitable for use as the basis for a local data-based rainfall
prediction system, by recalibrating fuzzy membership functions and consequent values using local
climatological data, without modifying the hierarchical architecture. Future work may incorporate
adaptive rule weighting or hybrid machine-learning models to improve the prediction of extreme
rainfall.
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5. CONCLUSION

Based on the research, testing, and discussion that have been conducted, it can be concluded that
the Hierarchical Fuzzy Logic System (HFLS) model has been successfully applied to forecast daily
rainfall in Palembang City using meteorological variables such as temperature, humidity, wind, and
sunshine. The research results show that using quartile-based consequent values (0, 0, 0.5, 8.5, and 112.7
mm) in the Fuzzy Sugeno model significantly improves prediction accuracy compared to using
conventional consequent values (0, 5, 20, 45, and 80 mm). This is evident from the model's performance
evaluation results, where the quartile-based configuration yields an MAE of 12.26 mm and an RMSE
of 25.85 mm, which is better than the conventional configuration with an MAE of 18.89 mm and an
RMSE of 28.29 mm. Thus, using quartile-based consequent values can improve accuracy by
approximately 35% for MAE and 9% for RMSE. Furthermore, the quartile-based model also provides
better predictions, especially for the no-rain and light-rain categories, which are the most dominant types
of events in the Palembang City climatological data. However, prediction errors are still quite high for
extreme rainfall events, indicating that high rainfall intensity remains a challenge due to the rarity of the
data (rare event). Overall, this research confirms that adjusting the consequent values to the local data
distribution is crucial for improving the performance of fuzzy models, and that HFLS is an effective
approach for handling multiple input variables without excessively increasing rule complexity.

ACKNOWLEDGEMENT

The authors extends gratitude to Universitas Sriwijaya for the funding support through the
Beginner Lecturer Research (PDP) 2025 scheme. In accordance with the Rector’s Decree Number:
0027/UN9/SK.LPPM.PT/2025, On September 17, 2025. The authors also extends gratitude to BMKG
of Palembang City for providing daily weather data.

REFERENCES

[1]  D. Desmonda, T. Tursina, M.A. Irwansyah, “Prediksi Besaran Curah Hujan Menggunakan
Metode Fuzzy Time Series,” Journal of Information Systems and Technology (JUSTIN), vol. 6,
no. 4, pp. 145-149, 2018, doi: 10.26418/justin.v6i4.27036.

[2] C. Pelaez-Rodriguez, J. Pérez-Aracil, C.M. Marina, L. Prieto-Godino, C. Casanova-Mateo, P.A.
Gutiérrez, S. Salcedo-Sanz, “A general explicable forecasting framework for weather events
based on ordinal classification and inductive rules combined with fuzzy logic,” Knowledge-
Based Systems, vol. 291, pp. 111556, 2024, doi: 10.1016/j.knosys.2024.111556.

[3] M. Yusuf, A. Setyanto, K. Aryasa, “Analisis Prediksi Curah Hujan Bulanan Wilayah Kota
Sorong Menggunakan Metode Multiple Regression,” Journal of Computer Science and
Informatics (J-SAKTI), vol. 6, no. 1, pp. 405-417, 2022, doi: 10.30645/j-sakti.v6i1.455.

[4] A. Prasetiyo, H. Husain, S. Subaer, M. Arsyad, P. Palloan, “Pemanfaatan Metode Fuzzy Logic
dalam Memprakirakan Hujan (2025-2030) di Stasiun Meteorologi Kelas I Sultan Hasanuddin,”
Buletin GAW Bariri (BGB), vol. 6, no. 1, pp. 27-37, 2025, doi: 10.31172/bgb.v6i1.146.

[5] J. Badriyah, A. Fariza, T. Harsono, “Rainfall Prediction Using Long Short Term Memory,”
Jurnal Media Informatika Budidarma, vol. 6, no. 3, pp. 1297-1303, 2022, doi:
10.30865/mib.v613.4008.

[6] S. Zikri, W.R. Hasibuan, “Rainfall Prediction Analysis Using the Fuzzy Time Series Method in
Medan City,” Journal of Artificial Intelligence and Engineering Applications, vol. 4, no. 1, pp.
575-579, 2024, doi: 10.59934/jaiea.v4il.685.

[71  Z. Julisman, E. Erlin, “Prediksi Tingkat Curah Hujan di Kota Pekanbaru menggunakan Logika
Fuzzy Mamdani,” SATIN - Sains Dan Teknologi Informasi, vol. 3, no. 1, pp. 65-72, 2018, doi:
10.33372/stn.v3i1.355.

[8] D.R. Damayanti, S. Wicaksono, M.F.A. Hakim, J. Jumanto, S. Subhan, Y.N. Ifriza, “Rainfall
prediction in Blora regency using Mamdani’s fuzzy inference system,” Journal of Soft
Computing Exploration, vol. 3, no. 1, pp. 62—69, 2022, doi: 10.52465/joscex.v3i1.69.

3611


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.4.5524

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 4, August 2026, Page. 3599-3613
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5524

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

(21]

N. Setyanugraha, S.A. Aziz, . W. Harmoko, F. Fianti, “Study of a Weather Prediction System
Based on Fuzzy Logic Using Mamdani and Sugeno Methods,” Physics Communications, vol. 6,
no. 2, pp. 61-70, 2022, doi: 10.15294/physcomm.v6i2.39703.

Y. Andrian, E. Ningsih, ‘“Prediksi Curah Hujan di Kota Medan Menggunakan Metode
Backpropagation Neural Network,” Proceedings of the National Informatics Seminar (SNIf), vol.
1, pp. 184-189, 2014.

T. Anuradha, P.S.G. Aruna Sri Formal, J. RamaDevi, “Hybrid model for rainfall prediction with
statistical and technical indicator feature set,” Expert Systems with Applications, vol. 249, pp.
123260, 2024, doi: 10.1016/j.eswa.2024.123260.

S. Asiah, W. Riana, D.C. Purba, M.I. Azharsum, V.A. Elyakim P., “Annual Rainfall Prediction
in Indonesia Using A Hybrid Artificial Neural Network and Fuzzy Algorithm Model,” JOMLAI:
Journal of Machine Learning and Artificial Intelligence, vol. 4, no. 2, pp. 99-105, 2025, doi:
10.55123/jomlai.v4i2.5964.

E.D.S. Mulyani, . Septianingrum, N. Nurjanah, R. Rahmawati, S. Nurhasani, K. Milky R.K.,
“Prediksi Curah Hujan di Kabupaten Majalengka dengan Menggunakan Algoritma Regresi,” E-
JURNAL JUSITI: Journal of Information Systems and Information Technology, vol. 8, no. 1, pp.
67-77, 2019, doi: 10.36774/jusiti.v8il.602.

C.D. Usman, A.P. Widodo, K. Adi, R. Gernowo, “Rainfall prediction model in Semarang City
using machine learning,” Indonesian Journal of Electrical Engineering and Computer Science,
vol. 30, no. 2, pp. 1224-1231, 2023, doi: 10.11591/ijeecs.v30.i12.pp1224-1231.

S. Nurhayati, I. Immanudin, “Penerapan Logika Fuzzy Mamdani Untuk Prediksi Pengadaan
Peralatan Rumah Tangga Rumah Sakit,” Komputika: Journal of Computer Systems, vol. 8, no.
2, pp- 81-87, 2019, doi: 10.34010/komputika.v8i2.2254.

T. Tundo, S. Saifullah, “Fuzzy Inference System Mamdani dalam Prediksi Produksi Kain Tenun
Menggunakan Rule Berdasarkan Random Tree,” Jurnal Teknologi Informasi dan Ilmu Komputer
(JTIIK), vol. 9, no. 3, pp. 443-452, 2022, doi: 10.25126/jtiik.2022924212.

K. Putriyani, T. Wahyuningrum, Y.D. Prasetyo, “Prediksi Jumlah Produksi Akibat Penyebaran
Covid-19 Menggunakan Metode Fuzzy Takagi-Sugeno,” RESTI Journal (System and
Information Technology Engineering), vol. 5, mno. 2, pp. 220-230, 2021, doi:
10.29207/resti.v5i2.2973.

I. Wahyuni, F. Ahda, “Pemodelan Fuzzy Inference System Tsukamoto Untuk Prediksi Curah
Hujan Studi Kasus Kota Batu,” Jurnal Institut Teknologi dan Bisnis Asia Malang, vol. 12, no. 2,
pp. 115-124, 2018, doi: 10.32815/jitika.v12i2.260.

V.M. Nasution, G. Prakarsa, “Perancangan Aplikasi Fuzzy Logic Untuk Prediksi Kasus Positif
Covid-19 Menggunakan Metode Tsukamoto,” Jurnal Media Informatika Budidarma, vol. 5, no.
4, pp. 1642-1651, 2021, doi: 10.30865/mib.v5i4.3338.

V. Kumar, A. Kumar, “Integration of Fuzzy Clustering and Stochastic Models for Short-Term
Rainfall Forecasting,” Advances in Climate Change Research, vol. 2, no. 5, pp. 1526-1532,
2025.

D.L. Rahakbauw, F.J. Rianekuay, Y.A. Lesnussa, “Penerapan Metode Fuzzy Mamdani Untuk
Memprediksi Jumlah Produksi Karet (Studi Kasus: Data Persediaan Dan Permintaan Produksi
Karet Pada PTP Nusantara XIV (Persero) Kebun Awaya, Teluk Elpaputih, Maluku-Indonesia),”
Jurnal llmiah Matematika dan Terapan, vol. 16, no. 1, pp. 51-59, 2019, doi:
10.22487/2540766x.2019.v16.11.12764.

S. Hajar, M. Badawi, Y.D. Setiawan, M.N.H. Siregar, A.P. Windarto, ‘“Prediksi Perhitungan
Jumlah Produksi Tahu Mahanda dengan Teknik Fuzzy Sugeno,” Jurnal Sains Komputer &
Informatika (J-SAKTI), vol. 4, no. 1, pp. 210-219, 2020, doi: 10.30645/j-sakti.v4i1.200.

S. Kamthan, H. Singh, “Hierarchical Fuzzy Logic Systems,” Journal of The Institution of
Engineers (India): Series, vol. 103, pp. 1-9, 2022, doi: 10.1007/s40031-022-00728-4.

D.L. Rahakbauw, “Penerapan Logika Fuzzy Metode Sugeno Untuk Menentukan Jumlah
Produksi Roti Berdasarkan Data Persediaan Dan Jumlah Permintaan,” BAREKENG: Journal of
Mathematical and Applied Sciences, vol. 9, no. 2, pp. 121-134, 2015, doi:
10.30598/barekengvol9iss2pp121-134.

3612


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.4.5524

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 4, August 2026, Page. 3599-3613
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5524

[25]

[26]

[27]

(28]

[29]

[30]

[33]

[34]

[35]

[36]

M.E. Irawan, Herviana, “Implementasi Logika Fuzzy dalam Menentukan Jurusan Bagi Siswa
Baru Sekolah Menengah Kejuruan (SMK) Negeri 1 Air Putih,” Jurnal Teknologi Informasi
(JurTl), vol. 2, no. 2, pp. 129—-137, 2018, doi: 10.36294/jurti.v2i2.427.

M. Irfan, L.P. Ayuningtias, Jumadi, “Analisa Perbandingan Logic Fuzzy Metode Tsukamoto,
Sugeno dan Mamdani,” Jurnal Teknik Informatika, vol. 10, no. 1, pp. 9-16, 2018, doi:
10.15408/jti.v10i1.6810.

M. Silver, T. Svoray, A. Karnieli, E. Fredj, “Improving weather radar precipitation maps: A
fuzzy logic approach,” Atmospheric Research, vol. 234, 2020.

T. Zhao, Y. Zhu, X. Xie, “Topology structure optimization of evolutionary hierarchical fuzzy
systems,” Expert Systems with Applications, vol. 236, pp. 121276, 2024, doi:
10.1016/j.eswa.2023.121857.

F. Yin, H.-K. Lam, D. Watson, “Hierarchical Fuzzy Model-Agnostic Explanation: Framework,
Algorithms, and Interface for XAl IEEE Transactions on Fuzzy Systems, 2024, doi:
10.1109/TFUZZ.2024.3485212.

D.T.T. Loan, N.D. Tho, N.H. Nghia, V.D. Chien, T.A. Tuan, “Analyzing Students’ Performance
Using Fuzzy Logic and Hierarchical Linear Regression,” International Journal of Modern
Education and Computer Science (IJMECS), vol. 16, no. 1, pp. 1-10, 2024, doi:
10.5815/ijmecs.2024.01.01.

Y. Shui, L. Dong, Y. Zhang, C. Sun, “Dynamic Event-Based Hierarchical Fuzzy Prescribed
Performance Control for Underactuated Systems With Uncertain Dead Zone,” [EEE
Transactions on Fuzzy Systems, 2024, doi: 10.1109/TFUZZ.2024.3481633.

J. Cao, T. Zhou, Z. Shaohua, S. Lam, G. Ren, Z. Yuanpeng, et al., “Fuzzy inference system with
interpretable fuzzy rules: Advancing explainable artificial intelligence for disease diagnosis—A
comprehensive review,” Information Sciences, vol. 671, pp. 120543, 2024, doi:
10.1016/j.ins.2024.120212.

A.R. Wardani, Y.N. Nasution, F.D.T. Amijaya, “Aplikasi logika Fuzzy dalam mengoptimalkan
produksi minyak kelapa sawit di PT Waru Kaltim Plantation,” Informatika Mulawarman: Jurnal
1Imiah Ilmu Komputer, vol. 12, no. 2, pp. 94-103, 2017, doi: 10.30872/jim.v12i2.651.

N.M. Arfiana, E. Alisah, D. Ismiarti, “Penerapan metode Fuzzy Time Series Chen orde tinggi
pada peramalan hasil penjualan,” Jurnal Riset Mahasiswa Matematika, vol. 1, no. 6, pp. 273—
282,2022, doi: 10.18860/jrmm.v1i6.14561.

R.S. Prihatin, E. Zuliarso, “Rainfall Prediction using the SARIMAX and LSTM Methods in
Semarang City,” INOVTEK Polbeng - Seri Informatika, vol. 10, no. 3, pp. 1391-1401, 2025, doi:
10.35314/6sg7m889.

A. Indryani, U. Khaira, M.F. Putri, “Rainfall Prediction Using Long Short-Term Memory
Method (Case Study: Jambi City),” Jurnal Pepadun, vol. 6, no. 1, pp. 57-70, 2025, doi:
10.23960/pepadun.v6il.256.

3613


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.4.5524


  M A E =     ∑ ∣ y ₜ − ŷ ₜ ∣  n


  R M S E =        ∑ ( y ₜ − ŷ ₜ ) 2  n

