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ABSTRACT 

As Indonesia accelerates its transition toward renewable energy utilization, the large-scale deployment of 

Photovoltaic (PV) systems presents challenges regarding grid stability due to the intermittent nature of 

solar irradiance. To address this issue, the current study proposes a robust forecasting framework that 

integrates the Adaptive Neuro-Fuzzy Inference System (ANFIS) with metaheuristic optimization 

algorithms to accurately predict PV power output. This study focuses on optimizing ANFIS parameters to 

address the nonlinear complexities inherent in local weather data. Comparative experimental analysis 

demonstrated that the hybrid approach significantly enhanced prediction performance. The ANFIS-

Particle Swarm Optimization (ANFIS-PSO) model outperformed other tested configurations, achieving the 

highest accuracy with a Root Mean Square Error (RMSE) of 0.68. These findings suggest that the ANFIS-

PSO architecture is a highly effective tool for reliable power forecasting, thereby supporting the efficient 

integration of solar energy into Indonesia's electrical grid. 
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I. INTRODUCTION 

The rapid depletion of fossil fuel reserves and the 
environmental burden of their combustion have intensified the 
need for a global energy transition. Dependence on coal, oil, 
and gas is a significant driver of greenhouse gas emissions, air 
pollution, and the associated health risks, particularly in rapidly 
urbanizing regions and lower-middle-income countries [1]. 
Addressing these challenges requires a structural shift toward 
low-carbon energy systems that can deliver reliable power 
while reducing environmental and health impacts [2]. 

Among renewable energy options, Photovoltaics (PVs) 
contribute significantly to the transition from fossil fuels to 
clean energy. The annual solar energy incident on Earth’s 
surface (≈725 ZJ) exceeds the current global primary energy 

consumption by several orders of magnitude, underscoring the 
technical potential of solar energy to meet worldwide demand. 
The PV sector has evolved from a heavily subsidized 
technology to a self-sustaining and profitable industry, with 
global annual installations increasing from about 16 GW in 
2010 to more than 150 GW in 2020, and continuous reductions 
observed in system costs. These trends position PVs as one of 
the fastest-growing and most scalable technologies for 
decarbonizing power systems. 

Tropical countries, including Indonesia, are particularly 
well placed to benefit from PVs because of their high and 
relatively stable solar irradiance throughout the year. However, 
in many developing and emerging economies, large technical 
potential contrasts with relatively modest deployment, due to 
policy barriers, financing constraints, technical integration 
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challenges, and concerns about system reliability [3]. 
Improving the performance and robustness of PV systems 
under real operating conditions is therefore crucial to support 
wider adoption and to enhance their contribution to national 
energy and climate targets. 

The output power of a PV is strongly influenced by 
irradiance, temperature, panel orientation, and shading, which 
makes the current–voltage and power–voltage characteristics 
highly nonlinear. To address this, Machine Learning (ML) 
utilization is required because ML can robustly handle the 
variables that strongly influence PV power generation, and 
achieve accurate forecasting results [4]. As part of Artificial 
Intelligence (AI), ML can operate effectively by analyzing data 
with complex trends and has been applied in various fields, 
including engineering [5]. 

The proposed hybrid Adaptive Neuro-Fuzzy Inference 
System (ANFIS) approach provides enhanced adaptability and 
optimization capacities for predicting the power generated by 
PV, offering particular benefits in handling the diverse and 
dynamic environmental conditions characteristic of Indonesia, 
specifically in Surabaya. In this study, an analysis and 
comparison of the ANFIS method, optimized using three 
metaheuristic methods, namely Genetic Algorithm (GA), 
Particle Swarm Optimization (PSO), and Cuckoo Search (CS), 
was carried out to derive the optimal forecast value for the 
power generated by PV. In addition, this study was developed 
as a continuation of [6]. The present study aims to provide 
valuable insights into the comparison between unoptimized and 
optimized ANFIS methods, which are beneficial for improving 
efficiency by forecasting the power generated by PV while 
supporting the transition to renewable energy resources. 

Research has discussed PV output power forecasting by 
applying nonlinear-based methods. Authors in [7] utilized four 
prediction methods: Decision Tree, Random Forest (RF), 
Gradient Boosting, and Voting Regressor. Among these 
methods, RF achieved the highest accuracy (93.79 %). Authors 
in [8] utilized a hybrid prediction method, namely CNN-
XGBoost, which achieved a Root Mean Square Error (RMSE) 
of 3.12 on the first day and 4.66 on the second day. Authors in 
[9] utilized a hybrid prediction method, namely the Long Short-
Term Memory-Convolutional Neural Network (CNN-LSTM) 
transformer method. By utilizing the RMSProp optimizer, this 
hybrid method achieved a Mean Absolute Error (MAE) value 
of 0.58%. The application of the LSTM method was examined 
in [10], where two forecasting strategies were applied: 
recursive and Multiple-Input and Multiple-Output (MIMO). 
Each strategy was forecasted by the LSTM method. The mean 
value in the recursive strategy did not exceed 1.91 kW, and in 
the MIMO strategy, 1.22. The utilization of the Support Vector 
Regression (SVR) and Neural Network (NN) methods in 
combination with several metaheuristic methods was 
investigated in [11]. Two SVR and NN methods were 
employed, integrated with three optimization methods, namely 
Social Spider Optimization (SSO), PSO, and Cuckoo Search 
Optimization (CSO). The experiments conducted revealed that 
the PSO-Backpropagation Neural Network (PSO-BPNN) 
method outperformed other methods with an RMSE value of 
3.251. 

Research shows that various methods have been applied to 
solve this problem, ranging from basic, combinational, and 
hybrid methods. The forecasting results from each method 
achieved optimal performance based on the actual conditions at 
the test site. Therefore, this study applies a fuzzy-based method 
combined with adaptive neurons, namely ANFIS. This method 
was optimized using three different metaheuristic methods: 
GA, PSO, and CS. 

II. RESEARCH METHOD 

Figure 1 illustrates the research methodology employed in 
this study. Initially, the research problem was identified, 
specifically the comparison of the ANFIS method optimized by 
the GA, PSO, and CS methods in terms of their accuracy in 
forecasting the output power generated by PV. The data 
utilized in this study were derived from pilot test data 
conducted in Surabaya from May to September 2024. 
Subsequently, the data underwent further processing to identify 
trends, patterns, and tendencies that emerged during the trial 
period and were analyzed using statistical approaches. The data 
that had completed the statistical testing were moved to the 
forecasting modeling stage to create projections between the 
actual results and the3 forecasts produced by these methods. 
The simulation results were compared based on their error 
values to determine which method demonstrated superior 
performance. In this work, the forecasting modeling process 
was conducted in three stages: the baseline stage involving the 
RF method, the implementation of ANFIS, and the optimized 
ANFIS. 

 

 

Fig. 1.  Flowchart of the research method. 
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A. Data Acquisition 

The comparison forecast of the PV power was based on 
ANFIS optimized by three metaheuristic methods, namely GA, 
PSO, and CS. The processed data were derived from field tests 
performed in Surabaya, specifically in the campus area. Testing 
had a time range limitation from May to September 2024. The 
dataset contained 1605 rows and 5 columns. The details of the 
dataset are presented in Table I. 

TABLE I.  DATASET 

Trial Temperature (°C) 
Light 

intensity (lux) 

Generated 

power (W) 
Duration (h) 

1 26.34 118.2 6.52 7 

2 27.74 295 25.46 8 

3 29.13 578 45.86 9 

4 30.52 762 55.17 10 

5 30.62 888 63.85 11 

… … … … … 

1605 29.73 704 53.75 16 

 
Surabaya is the second largest city after Jakarta, the capital 

of Indonesia. This city is bordered by the two regencies of 
Sidoarjo and Gresik [12]. Furthermore, the city has an average 
temperature of 30 ℃, with higher temperatures recorded during 
daytime. 

B. Statistical Analysis 

The process continued with the statistical analysis of the 
data. Table II provides the descriptive statistics and Figure 2 
shows the distribution of all features. 

 

 

Fig. 2.  Feature distribution plots. 

TABLE II.  DESCRIPTIVE STATISTICS 

 Trial 
Temperature 

(°C) 

Light 

intensity 

(lux) 

Generated 

power (W) 

Duration 

(h) 

Mean 853 29.74 531.08 38.03 12.00 

Std 492.33 1.93 295.18 20.82 3.16 

Min 1.0 23.71 1.00 0.00 7.00 

Max 1705 34.84 1074.0 72.75 17.00 

 
Figure 2 presents histograms of the data distribution across 

all features. None of the features are normally distributed. 

Furthermore, the assumption that the data are not normally 
distributed is reinforced by the results of the normality test 
conducted by the Shapiro-Wilk test, the results of which are 
shown in Table III. 

TABLE III.  NORMALITY TEST 

Temperature Light Intensity 

Temperature stat = 0.9873, p-value = 0.0000 

Light intensity stat = 0.9403, p-value = 0.0000 

Generated power stat = 0.9164, p-value = 0.0000 

Duration stat = 0.9384, p-value = 0.0000 
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The results of the Autocorrelation and Partial 
Autocorrelation Functions (ACF and PACF) are illustrated in 
Figures 3 and 4. In Figure 3, it can be observed that many red 
nodes exceed the CI line (red), which means that the data are 
not stationary. The resulting pattern also corresponds to the 
conditions of the PV power measurements, namely, sharp 
increases and decreases due to environmental factors such as 
temperature and light intensity affecting the PV power. This is 
further explained in Figure 4, which demonstrates that a change 
occurred after lag 11. This change is indicated by the position 
of the green node on the CI line, implying that a weak partial 
correlation occurred. 

 

 

Fig. 3.  The ACF plot. 

 

Fig. 4.  The PACF plot. 

Figure 5 reveals that the correlation between light intensity 
and generated power is 0.971, indicating a strong correlation 
between these two variables. Conversely, the correlation 
coefficient between temperature and the generated power is 
0.489, suggesting a moderate correlation. The generated power 
features exhibit a strong negative correlation with duration. 
This observation implies that as the duration of the experiment 
increases, the generated power value decreases, potentially due 
to the diminishing intensity of sunlight as the day progresses 
towards evening. Based on the results of this correlation 
analysis, these three features can be considered input variables 
for forecasting the power generated by PV systems. 

 

 

Fig. 5.  Heatmap of the correlation test. 

C. Adaptive Neuro Fuzzy Inference System 

ANFIS is one of the supervised methods. This method 
combines the Takagi-Sugeno fuzzy inference system with an 
NN [13, 14]. Equations (1-6) demonstrate the steps for the 
ANFIS method: 

IF � is A and � is B, THEN � � ���, ��  (1) 

Gaussian membership: 

���� � ��� �� ����
 !"#   (2) 

Firing strength: 

�$%��� . �'%���( � 1,2    (3) 

Normalized firing strength: 

+,--- � ./
∑ .// ( � 1,2    (4) 

Consequent: 

+,---�% � +,---��%� 1 2%� 1 3%�( � 1,2  (5) 

Summation of all input: 

� � ∑ ./4/
∑ ./

     (6) 

 

 

Fig. 6.  ANFIS architecture. 
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The architecture of ANFIS is depicted in Figure 6, which 
shows that the ANFIS method employed in this study has five 
layers. In Layer 1, each input variable (temperature, light 
intensity, and duration) is mapped to a membership function 
using a Gaussian, as shown in (2). Layer 2 explains the fuzzy 
rules that represent "IF-THEN" rules and calculates the firing 
strength based on the "AND" operator, as demonstrated in (3).  
In Layer 3, the normalization process described by (4) is 
performed, which involves aggregating the firing strengths 
from the previous layer. In Layer 4, the consequent stage is 
described by (5) and the parameters learned by the NN are 
determined at this stage. Finally, Layer 5 involves summing all 
the outputs derived from the rules in the previous layers and 
converting the previous fuzzy results into crisp rules using the 
function (6). 

D. Metaheuristic Methods and Evaluation Metric 

The GA begins with a predefined population made up of 
numerous entities, each represented by a chromosome that 
indicates a potential solution for optimization. This approach 
uses crossover and mutation techniques to generate a range of 
solutions and employs selection methods to retain the most 
suitable individuals [15]. 

PSO is another metaheuristic method [16]. This method has 
two parameters: personal best and global best. The movement 
of particles to the near-global optimum is calculated by: 

5%6�7 1 1� �  +89:�7�. 5%6�7� 1 ;<. 389:<. =�>?9@ �
�%6�7�A 1 ;". 389:". =B>?9@ � �%6�7�A  (7) 

(. �%6�7 1 1� �  �%6�7� 1 5%6�7 1 1�  (8) 

Finally, CS is an optimization method that depends on the 
Levy flight and is inspired by bird behavior observed when 
laying fertilized eggs [17]. The main equation for this method 
is: 

�%
�@C<� �  �%�7� 1 D  . E . ��%�7� � F�G7�3HFIF�J� (9) 

To evaluate the performance of the optimized ANFIS 
method, the RMSE and R2 score were employed using: 

KLEM �  N <
O ∑ �P% � Q%�"O%R<    (10) 

K" � 1 � ∑ �S/�T/�UV/WX
∑ �T-�T/�UV/WX

    (11) 

III. RESULTS AND DISCUSSION 

A. Hyperparameters Tuning 

The initial hyperparameters of the ANFIS method are listed 
in Table IV. These hyperparameters were also employed as a 
basis for the initial simulation before being optimized using 
metaheuristic methods. The details of the hyperparameters for 
the initial ANFIS method are described in Table IV. The details 
of the metaheuristic methods for the optimizer are described in 
Table V. 

B. Simulation Results  

In conducting the PV power forecasting process, trial 
initialization was performed using methods other than ANFIS. 

In the present study, the RF method was applied. This method 
was chosen because of its ability to handle data that are 
nonlinear. In addition, using the RF method, the strength of the 
influence of the independent variables can be determined based 
on feature importance. Table VI shows the forecasting 
simulation results using the RF method, and Figure 7 depicts a 
plot that displays the importance of the features. For reference, 
the entire forecasting simulation process in this study was 
conducted using Python 3.10. 

TABLE IV.  THE INITIAL HYPERPARAMETERS OF THE 
BASIC ANFIS METHOD 

Hyperparameter Value 

Input dimension 3 

Membership function Gaussian 

Number of rules 27 

Hidden rule layer 1 64 

Hidden rule layer 2 32 

Hidden rule layer 3 16 

Consequent layer 1 

Optimizer Adam 

Learning rate 0.001 

Epoch 50 

Early stopping True 

TABLE V.  TUNING FOR THE OPTIMIZER METHODS 

Method Hyperparameter Value 

GA 

Population size 6 

Generation 10 

Mutation rate 0.2 

PSO 

Particle size 8 

Iterations 15 

Inertia weight 0.7 

Cognitive 1.5 

Social 1.5 

CS 

Number of nests 15 

Abandon probability 0.25 

Levy flight scale 0.01 

Maximum iteration 20 

TABLE VI.  SIMULATION RESULTS OF THE RF  

Simulation 
Training data 

(%) 

Testing data 

(%) 
RMSE R2 score 

I 70 30 0.11 0.98 

II 80 20 0.11 0.98 

III 90 10 0.11 0.98 

 

 

Fig. 7.  Plot of feature importance. 
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Based on the results of the initial simulation tests using the 
RF method, the RMSE and R2 values obtained were relatively 
constant at 0.11 and 0.98, respectively. The results were good, 
with the light intensity feature being quite dominant, exhibiting 
a value above 0.8. Meanwhile, the influence of the temperature 
and duration features was less than 0.2. Therefore, from these 
results, there is a possibility of further improvement using the 
ANFIS method. 

In the next stage, simulation tests were conducted to 
improve the results by applying the ANFIS method without any 
optimization. The results are outlined in Table VII. 

TABLE VII.   THE SIMULATION RESULTS OF THE ANFIS 

Simulation Epoch 
Training data 

(%) 

Testing gata 

(%) 
RMSE R2 Score 

I 

50 

70 30 0.67 0.99 

II 80 20 0.62 0.99 

III 90 10 0.49 0.99 

 
As illustrated in Table VII, the simulation process was 

improved by optimizing it using metaheuristic methods. In the 
optimization process, several hyperparameters (including 
hidden layers 1 and 2) were focused on learning rate, dropout 
rate, and epoch. Furthermore, three different percentage ratios 
were applied in the split of the training and test data: 70:30, 
80:20, and 90:10 (without randomization to prevent leakage). 
Figures 8-10 visualize the results of the ANFIS simulations 
optimized using the three metaheuristic methods. 

 

 

Fig. 8.  The results of the first simulation (all ANFIS-optimized). 

 

Fig. 9.  The results of the second simulation (all ANFIS-optimized). 

 

 

Fig. 10.  The results of the third simulation (all ANFIS-optimized). 

In Figures 8-10, it can be observed that the ANFIS method 
optimized by all the metaheuristic methods achieved 
satisfactory results by successfully approaching the actual 
values’ line. Furthermore, as demonstrated in Figure 8, the 
forecast results obtained by the ANFIS-GA method come from 
a fitness value of 16.47. This configuration yielded an RMSE 
of 0.67 and an R2 score of 0.99. For the ANFIS-PSO method 
with a global fitness value of 19, the results were an RMSE of 
0.96 and an R2 score of 0.99. For ANFIS-CS, with a global 
fitness score of 19.73, the results were an RMSE of 1.21 and an 
R2 score of 0.99. 

Figure 9 shows that in the second simulation, the forecast 
results obtained by the ANFIS-GA method were obtained from 
a fitness value of 22.58. This configuration yielded an RMSE 
of 1.14 and an R2 score of 0.99. For the ANFIS-PSO method, 
with a global fitness value of 29, the results were an RMSE of 
1.21 and an R2 score of 0.99. For ANFIS-CS, with a global 
fitness score of 23.73, the results were an RMSE of 0.82 and an 
R2 score of 0.99. 

Finally, in Figure 10, it can be seen that in the third 
simulation, the forecast results obtained by the ANFIS-GA 
method originate from a fitness value of 23.21. This 
configuration yielded an RMSE of 1.13 and an R2 score of 
0.99. For the ANFIS-PSO method, with a global fitness value 
of 24.87, the results were an RMSE of 0.68 and an R2 score of 
0.99. For ANFIS-CS, with a global fitness score of 26.32, the 
results were an RMSE of 0.97 and an R2 score of 0.99. 

Based on the overall simulation results, the performance of 
the ANFIS method optimized using a metaheuristic method 
yielded satisfactory results. In addition, upon closer 
examination, it appears that the ANFIS method optimized 
using a meta-heuristic tends to be more stable in terms of 
performance, such that it does not result in significant 
discrepancies between simulation results, with a range of error 
values (RMSE) between 0.9 and 1.2. Some of the factors 
influencing this include data splitting and the hyperparameters 
generated by each optimization method. The differences 
obtained by the ANFIS method combined with metaheuristic 
methods during the simulation are illustrated in Figure 11. 
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Fig. 11.  RMSE comparison. 

According to Figure 11, the RMSE values obtained by 
ANFIS combined with metaheuristic methods are dynamic. It 
can be observed that the RMSE values obtained by ANFIS-GA 
gradually increased. In contrast, for ANFIS-PSO, a significant 
decrease in the RMSE occurred in the third simulation, 
whereas for ANFIS-CS, it occurred in the second simulation. 
This phenomenon also indicates that each method has its own 
optimal point based on the resulting hyperparameters combined 
with the data split applied. 

IV. CONCLUSIONS 

The overall results of the simulations in this study were 
satisfactory and met the objectives of the study. The Adaptive 
Neuro-Fuzzy Inference System (ANFIS), combined with three 
metaheuristic optimization methods, produced satisfactory 
overall Root Mean Square Error (RMSE) values. 

This study yielded several important findings. The ANFIS 
and optimized ANFIS methods resulted in an increase in the R2 
values, ranging from 0.98 to 0.99, compared to the previous 
results using the Random Forest (RF) method. A comparison of 
the RMSE values between the ANFIS and optimized ANFIS 
methods did not reveal any significant differences. 

In this study, the metaheuristic method successfully 
demonstrated its consistency in maintaining forecasting error 
values, as evidenced by the resulting RMSE and R2 scores. Of 
all the results from the simulations of the optimized ANFIS 
methods, the ANFIS-Particle Swarm Optimization (ANFIS-
PSO) method yielded an RMSE value of 0.68, which was 
slightly better than the other two optimization methods. 

Overall, the results of this study are expected to contribute 
to the advancement and development of the renewable energy 
transition in the future, especially in Surabaya. In future work, 
the proposed approach will be improved by adding dataset 
variants and applying more advanced forecasting technologies 
and case studies. 
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