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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. 
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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. 

 

 
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 =  
∑∣𝑦ₜ−ŷₜ∣

𝑛
 (1) 

Whereas:  

• n  = number of data points 

• yt  = observed data at time t 

• ŷt  = 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 (yt) and the predicted value (ŷt), 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 =  √
∑(𝑦ₜ−ŷₜ)2

𝑛
 (2) 

Whereas:  

• n  = number of data points 

• yt  = observed data at time t 

• ŷt  = 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. 

 

 
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.  

c) Rule Base Formation: Translating knowledge from literature and experts into IF-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 (°) 

i) DDD_CAR  : Most frequent wind direction (°) 

j) 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 

No. 
DAT

E 
TN TX 

TAV

G 

RH_AV

G 
SS 

FF_

X 

FF_AV

G 

DDD_

X 

DDD_CA

R 
RR 

1 01-

01-

2023 

23 32.

1 

26.8 84 8.

4 

7 3 360 NW 0 

2 02-

01-

2023 

24.

4 

31.

8 

26.7 82 5.

1 

15 4 350 NW 0.5 

3 03-

01-

2023 

22.

2 

27.

9 

25 90 2.

3 

6 3 300 NW 22.

3 

… … … … … … … … … … … … 

100

5 

29-

09-

2025 

24.

4 

27.

9 

25.8 91 2.

9 

5 2 309 W 7.5 

100

6 

30-

09-

2025 

24 31.

9 

26.5 89 1.

4 

5 2 251 W 0.6 

 

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 

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 

 

 

3605 

(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. Data Exploration and Analysis 

3.3.1. Daily Data Exploration 

Based on the EDA process, the initial interpretation is:  

a) Complete data: No missing values or special codes (8888/9999) were found, meaning the 

interpolation successfully produced clean data. 

b) 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. 

c) Temperature (TAVG): relatively stable between 24–31°C, with a maximum temperature of 

approximately 37°C. 

d) Humidity (RH_AVG): high, averaging 81.7% and reaching a maximum of nearly 100%. 

e) Sunshine (SS): average 4.86 hours per day; likely lower during the rainy season. 

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

direction. 

3.3.2. 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. 

 

 
Figure 3. Correlation Matrix Between Variables and Rainfall (RR) 

 

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

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

b) The factor with the most negative influence is minimum temperature (TN), indicating that colder 

night temperatures often precede or coincide with rainfall.  

c) 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. 

3.3.3. 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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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) The graph shows uneven rainfall fluctuations, with most days having no rain followed by peaks 

of high rainfall during certain periods. 

b) 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: 

a) The highest rainfall occurs in several months with an average of > 15 mm/day – usually around 

December–March (the rainy season). 

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

c) This pattern is consistent with the characteristics of Palembang's humid tropical climate, where 

rainfall fluctuations significantly affect humidity and temperature. 

3.3.4. Outlier Analysis and Rainfall Distribution Analysis 

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

interpretations were obtained:  

a) 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. 

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

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

rainfall. 

d) 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. 

3.4. 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 

https://jutif.if.unsoed.ac.id/
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b) Moisture Module → Humidity Index 

c) Solar Module → Solar Energy Index 

d) Wind Module → Air Circulation Index 

 

2) 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. 

 

 
Figure 5. Hierarchical Fuzzy Logic System (HFLS) Structure 

 

The membership function graphs for each input are shown in Figure 6 and Figure 7. 

 

 
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 : IdxThermal 

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 : IdxRH 

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 : IdxSolar 

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 : IdxWind 

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

2. IF FF_AVG = Medium AND VarDirection = Changing THEN IdxWind = Active 

3. IF FF_AVG = Strong THEN IdxWind = Convergent 

4. IF FF_X = Extreme THEN IdxWind = Convergent 

5. 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 Output : Rainfall / RR 

1. IF IdxRH = High AND IdxThermal = Cold AND IdxSolar = Short  

THEN RR = ExtremeRain 

2. IF IdxRH = High AND IdxThermal = Normal THEN RR = HeavyRain 

3. 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 

6. IF IdxRH = Low THEN RR = NoRainfall 

7. IF IdxThermal = Hot AND IdxSolar = Long THEN RR = NoRainfall 

8. IF IdxWind = Calm AND IdxRH = Low THEN RR = NoRainfall  

9. 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 

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_actua

l 
RR_pred1 

abs_error

1 

RR_Pred

2 
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 22.3 80 57.7 112.7 90.4 

… … … … … … … 

100

5 

29-09-2025 7.5 0 7.5 0 7.5 

100

6 

30-09-2025 0.6 0 0.6 0 0.6 

MAE 18.89 12.26 

RMSE 28.29 25.85 

 

A graph comparing the average actual rainfall (RR) with two prediction results, RR_pred1 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 

accuracy 

Moderate Good Conf. 2 is more adaptable. 

Alignment with data 

distribution 

Low High Conf. 2 similar to local data 

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. 

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 

 

 

3611 

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. 
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