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Abstract 
This paper presents an optimized multilayer perceptron (MLP) model for fault diagnosis in grid-connected photovoltaic (PV) 
systems using the Electric Fish Optimizer (EFO). A real-world dataset comprising five fault classes was preprocessed and used to 
train a baseline MLP model. The EFO algorithm was employed to optimize key hyperparameters of the network, and a systematic 
random search was further conducted to determine optimal EFO configurations. The optimized model achieved an accuracy of 
99.06%, improving upon the baseline accuracy of 98.63%, with enhanced per-class F1-scores across all fault categories. The results 
demonstrate that EFO is an effective tool for improving neural network performance in PV fault diagnosis, particularly when 
applied to large and imbalanced datasets. 
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1.0 Introduction 
The total available installed capacity of grid-connected solar power globally is estimated at 1,177 GW by the 

end of 2022, having increased massively since 2000 [1]. Available projections also indicate that grid-connected 
solar systems are expected to generate significant power worldwide by 2040 [2]. Grid-connected photovoltaic 
systems play a significant role in modern power systems as an alternative source of clean and sustainable energy 
in residential and office buildings. However, most PV systems are vulnerable to various faults such as short circuits, 
open circuits, partial shading, degradation, and inverter-related faults [3]. Effective fault detection and diagnosis 
(FDD) techniques are therefore highly essential for ensuring the reliability, safety, and optimal operation of grid-
connected PV systems. 
 
1.1 Background 

The approaches applied in traditional fault detection techniques often rely on fixed thresholds, analytical 
models, or hardware-based protection schemes and they often lack robustness under dynamic environmental 
conditions such as fluctuating irradiance and temperature [4] [5].  

Consequently, recent data-driven techniques especially artificial neural networks - are in vogue due to their 
capability to learn the complex nonlinear relationships between measured system variables and fault conditions 
[6].  

Multilayer perceptrons (MLPs) are widely adopted due to their simplicity and ability to model non‑linear 
relationships [7]. Although, the performance of MLPs is dependent on the choice of hyperparameters such as the 
number of hidden layers, neurons per layer, dropout rate, and learning rate; manual tuning could be 
time‑consuming and may not generate optimal configurations, especially when dealing with large, imbalanced 
datasets typical of real‑world PV systems [8], [9]. 
 
1.2 Problem 

Unresolved electrical faults in photovoltaic systems lead to performance degradation, safety hazards, and 
equipment damage which could be expensive to remedy [3], [10]. Manual tuning is often inadequate to exploit the 
full capacity of MLP models due to its inherent inefficiency when dealing with large and unbalanced datasets [2], 
[9].  
 
1.3 Related Work 

The Electric Fish Optimization algorithm was introduced by [11] as a novel metaheuristic inspired by the 
electrolocation behaviour of electric fish. Their foundational work compared EFO against established algorithms 
including Simulated Annealing, Vortex Search, Genetic Algorithms, Differential Evolution, Particle Swarm 
Optimization, and Artificial Bee Colony across 80 mathematical benchmark functions and several real-world 
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constrained design problems. The results demonstrated that EFO outperformed or was highly competitive with 
all comparators, establishing its potential as a powerful optimization tool. The study acknowledged that interaction 
effects between EFO's parameters were not explicitly investigated, leaving room for further refinement of the 
algorithm's meta-parameters. 

To address one of EFO's limitations [12] proposed an Adaptive EFO based on Standstill Label and Levy 
Flight (SLLF-EFO). The modified algorithm successfully mitigated standard EFO's tendency to become trapped 
in local optima, improving both search speed and accuracy on benchmark functions. While this theoretical 
advancement strengthened the algorithm's mathematical foundations, the research was confined to benchmark 
function testing and lacked application to real-world fault diagnosis challenges or neural network training contexts. 

The Electric Fish-Based Arithmetic Optimization Algorithm was created by [13] through merging EFO with 
Arithmetic Optimization. This hybrid approach was specifically designed to improve exploration capabilities for 
feature selection problems. Although the algorithm demonstrated enhanced performance, its application remained 
general rather than being tailored to Multilayer Perceptrons or PV fault diagnosis specifically. 

In another application of the EFO algorithm, [14] combined the EFAOA algorithm with a discrete 
convolution-based vision transformer to automate hyperparameter tuning for deep neural network classifiers. The 
approach successfully tuned model parameters based on validation dataset performance. However, the 
optimization target was the Vision Transformer architecture rather than a Multilayer Perceptron, leaving the 
application of EFO variants to MLP optimization unexplored. 

To solve power system optimization problems, [15] applied the standard EFO algorithm to solve the 
Economic Load Dispatch problem in power systems. Their implementation achieved lower-cost generation 
scheduling with favourable convergence characteristics. While demonstrating EFO's utility in power system 
optimization, this application focused entirely on operational scheduling rather than fault diagnosis or neural 
network training. Notably, the authors explicitly recommended that future studies should implement EFO on 
neural network applications, a gap directly addressed by this paper. 

A review study done by [7] compared classical physical models against metaheuristic algorithms (PSO, GA, 
ACO) and hybrid machine learning and deep learning models for PV fault diagnosis. Their analysis revealed that 
hybrid methodologies combining metaheuristics for tuning with ML/DL classifiers dominate the field, 
consistently achieving classification accuracy exceeding 95% with superior robustness compared to standalone 
approaches. However, the review identified significant barriers to practical deployment including stochastic 
variability, data scarcity, lack of model interpretability, and high computational costs, particularly for resource-
constrained platforms. Notably, the study did not consider EFO optimization. 

 
1.4 Gap 

While optimization has been proven to be effective in overcoming the limitations of neural networks when 
applied in PV fault diagnosis; evidenced by the application of various metaheuristic algorithms in enhancing neural 
networks[7] [16], there is no reviewed study which has applied the Electric Fish Optimizer (EFO) specifically to 
train or tune a Multilayer Perceptron for photovoltaic fault diagnosis despite its exceptional exploration and 
exploitation capabilities. Furthermore, existing optimization approaches often rely on dated metaheuristics, lack 
rigorous statistical validation, and are seldom validated on authentic operational data [17], [18], [19]. EFO has 
demonstrated rapid convergence, the ability to jump out of local optima, and high stability [12] and has proven to 
be highly effective in tuning deep neural networks for complex classification tasks and solving power system 
scheduling problems. [15]  
 
1.5 Contributions  

The main contributions of this paper are: 
(i) Application of the Electric Fish Optimizer for hyperparameter tuning of an MLP in PV fault diagnosis, 
(ii) Evaluation of its performance on a real-world PV dataset with five fault classes, 
(iii) Systematic optimization of EFO parameters, and 
(iv) Validation of performance improvements over baseline models. 

 
2.0 Materials and Methods 

This paper employs a metaheuristic algorithm, the Electric Fish Optimizer (EFO) to tune the hyperparameters 
of the MLP and enhance its classification accuracy and robustness. Its performance is then compared against the 
baseline MLP. The details of the dataset used, preprocessing steps, MLP architecture, the EFO algorithm, the 
experimental setup, and the metrics used in assessing the performance of the classifier are presented. 
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2.1 Materials  
(i) Software: Cloud-Based Model Development & Analysis: Kaggle notebooks with dual Tesla T4 GPUs (16 

GB memory each). The software environment included TensorFlow 2.19, Python 3.12, and standard libraries 
(pandas, numpy, matplotlib, seaborn, scikit‑learn). 

(ii) Hardware: Local Simulation Machine: Intel Pentium Processor (@ 2.90 GHz), 4 GB RAM. 
2.2 Overall Framework  

The methodological framework involves optimizing a baseline MLP model for PV fault diagnosis using 
Electric Fish Optimization, as illustrated in Figures 1 and 2. The key steps are: 

1. Acquisition, preprocessing and normalization of the dataset. 
2. Design and testing of a baseline MLP neural network for classification. 
3. Training and testing of the MLP on the full dataset with all metrics computed and stored. 
4. Optimization of the MLP hyperparameters using EFO to improve performance.  
5. The optimized MLP is trained and tested on the full dataset. 
To investigate the optimal EFO parameters for MLP optimization the keys steps are: 
6. Defining the search space containing 400 possible configurations of EFO parameters. 
7. Evaluation of 25 random configurations to find the best EFO configuration based on the highest fitness 

(accuracy) attained. 
8. From the best EFO configuration, extract the optimal MLP hyperparameters. 
9. The optimized MLP is trained on the full training set and evaluated on the held‑out test set and 

performance is also recorded. 
10. Comprehensive performance evaluation and analysis. 
  

Figure 1: Workflow for Baseline MLP Optimization 

 

Figure 2: Workflow for EFO Optimization using random search 
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2.3 Dataset 
The dataset used was sourced from from GitHub via https://github.com/clayton-h-costa/pv_fault_dataset 

and was from a study conducted by [20]. 
This dataset contains 16 days of operational data from a 5.28 kWp grid-tied PV plant, comprising both normal 

and faulty conditions. The dataset contains over 1 million data points with electrical data (String voltages (vdc1, 
vdc2) and currents (idc1, idc2) and ambient and label data (Irradiance (irr), module temperature (pvt), and fault 
labels (f_nv). The fault classes are labeled as “0” (Normal), “1” (Short-Circuit), “2” (Degradation), “3” (Open-
Circuit), “4” (Shadowing). 

The dataset was preprocessed using the following steps: 
(i) Conversion and integration: The dataset files were converted from .mat to .csv format and multiple files 

were integrated into a single file. 
(ii) Feature selection: The relevant features (voltage, current, power, irradiance, temperature) needed for 

training the MLP were selected to make a feature vector. 
(iii)  Min-max normalization: The numerical values of the features in the dataset were scaled between 0 and 1 

using min-max normalization technique. 
(iv)  Stratified data splitting: The dataset was split into training and testing subsets along the ratio of 70% for 

training and 30% for testing. The training subset was further split using an 80/20 ratio to create training 
and validation sets to be used during optimization. 

 
2.4 Baseline MLP Model 
 A baseline MLP was designed with two hidden layers, each containing 128 neurons, ReLU activation, batch 
normalisation, and dropout (rate = 0.3). The output layer uses softmax activation to produce class probabilities. 
The model was compiled with the adam optimizer (learning rate = 0.001) and sparse categorical cross-entropy 
loss. Training was performed for up to 150 epochs with early stopping (patience = 10) based on validation 
accuracy. 
 
2.5 Electric Fish Optimizer (EFO) 
 The Electric Fish Optimizer is a metaheuristic algorithm inspired by the electrolocation behaviour of electric 
fish. It balances exploration (active electrolocation) and exploitation (passive electrolocation) to search for 
optimal solutions. EFO is used to optimize the following MLP hyperparameters: 
-  Number of neurons in the first hidden layer (n1 in [32, 256]) 
-  Number of neurons in the second hidden layer (n2 in [16, 128]) 
-  Dropout rate (d in [0.0, 0.5]) 
-  Learning rate (η in [10-4, 10-2]) 
 Each candidate solution (fish) represents a set of these four hyperparameters. The fitness of a solution is the 
validation accuracy obtained after training a reduced MLP with a single hidden layer for a limited number of 
epochs on a subsample of the training data. This lightweight evaluation keeps the optimization computationally 
feasible. The solution with the best fitness represents the optimal hyperparameters which can then be used to train 
the MLP and improve its performance. 
 The EFO algorithm operates in the following steps: 
1. Initialisation: A population of fish is randomly initialised within the bounds of the search space. 
2. Active electrolocation (exploration): A fish moves towards a better performing fish selected randomly, with a 
step size that decreases over generations. 
3. Passive electrolocation (exploitation): A fish moves towards a weighted combination of the best fish and 
another random fish, adding a small perturbation. 
4. Selection: If the new position yields higher fitness, it replaces the old one. 
5. Elite preservation: The best fish is retained across generations. 
 
2.6 EFO Optimization  

The baseline MLP is optimized by using the EFO to search for the best set of hyperparameters which are 
then used to train the MLP. After testing and observing the results obtained, further optimization was carried out 
to find the best set of EFO parameters which would generate the best fitness value. The EFO hyperparameters 
which are population size, number of generations, active ratio, and step size were tuned via a random search over 
25 configurations, each evaluated on a reduced validation set. The best combination was then used for the final 
optimization run on the full training data. 

The optimization process consisted of two phases: 
(i) Phase 1 (best EFO hyperparameter search): 25 random configurations of EFO parameters were evaluated. 

Each configuration ran a lightweight EFO optimization using with fitness evaluated on a 3000-sample subset over 
8 epochs. The best EFO configuration was selected based on the highest fitness achieved. 

https://github.com/clayton-h-costa/pv_fault_dataset


Adawudi et al. (2026)  Volume 2, Issue 1 

Received: 02/04/2026; Revised: 20/04/2026; Accepted: 21/04/2026; Published: 27/04/2026 607 

(ii) Phase 2 (Final optimization): The optimal MLP hyperparameters were obtained from the best EFO 
configuration, and the optimized MLP was trained on the full training set (without any subsampling) for up to 150 
epochs with early stopping, and evaluated on the held‑out test set. 

 
2.7 Experimental Setup 

All the experiments were conducted on Kaggle notebooks with dual Tesla T4 GPUs (16 GB memory each). 
The software environment included TensorFlow 2.19, Python 3.12, and standard libraries (pandas, numpy, 
matplotlib, seaborn, scikit-learn). Random seeds were fixed to ensure reproducibility. 

 
2.8 Evaluation Metrics 

Given the multiclass nature of the fault classification task, the following metrics were computed on the test 
set: 

(i) Accuracy: Overall proportion of correct predictions. 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  
1
𝑁𝑁
�𝑇𝑇𝑇𝑇𝑖𝑖

𝐶𝐶

𝑖𝑖=1

                                                                                                                                                (2.1) 

where N = total number of samples, C = number of classes, TPi = true positives for class i 
(ii) Weighted precision: Average of per ‑class precision weighted by class support. 

𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖, 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃,  𝑃𝑃𝑖𝑖 =  
 𝑇𝑇𝑇𝑇𝑖𝑖

 𝑇𝑇𝑇𝑇𝑖𝑖 +  𝐹𝐹𝐹𝐹𝑖𝑖
                                                                                                       (2.2) 

𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑡𝑡𝑡𝑡𝑡𝑡 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  
1
𝑁𝑁
�𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖 × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖

𝐶𝐶

𝑖𝑖=1

                                                                                      (2.3) 

where supporti = number of true instances of class i, N = total number of samples, C = number of classes, 
FPi = false positives for class i 

(iii) Weighted recall: Average of per ‑class recall weighted by class support. 
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where supporti = number of true instances of class i, N = total number of samples, C = number of classes, 
FNi = false negatives for class i 

(iv) Weighted F1‑score: Harmonic mean of precision and recall, weighted by class support. 
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(v) Confusion matrix: Visual representation of correct and misclassified instances per class. 
(vi) Per‑class precision, recall, and F1‑score: Detailed performance for each fault type. 
(vii) Paired t‑test: Statistical comparison of per‑ class F1‑scores between baseline and optimized models to 

determine significance of improvement. 
 
3.0 Results and Discussion 

The results obtained and the relevant discussions are presented in this section. 
 

3.1 Baseline MLP and Optimized MLP Performance 
The baseline MLP, with fixed architecture (128‑128 neurons, dropout 0.3, learning rate 0.001), was optimized 

using default parameters. The convergence curve for the EFO optimizer in Figure 3 shows a sharp rise in the 
convergence after 5 generations showing that a high fitness value is attained quickly during the optimization.  
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Figure 3: Convergence Curve of EFO-MLP 

Figure 4 shows the confusion matrices for the Baseline MLP and EFO MLP. Both matrices indicate strong 
classification accuracy as shown by the diagonal values. There is also a decrease in the misclassifications (439 to 
372) particularly for fault class ‘4’ (partial shading fault) indicating an improvement in accuracy after optimization. 

 
 
 
3.2 Random Search for Optimal EFO Parameters 

To fine tune the optimization, a random sample of 25 configurations of EFO parameters out of 400 was 
drawn and each configuration was assessed to find the optimal EFO meta parameters for the subsequent 
optimization of the final MLP classifier. Table 1 shows the best EFO configuration obtained which had a 
validation fitness of 0.9273. Table 2 shows the optimal MLP hyperparameters used to train the MLP classifier on 
the full dataset. 

 
Table 1: Best EFO Hyperparameters from Random Search 

Outcome Parameter Value 
Best EFO hyperparameters  Population size  6.0 

Maximum generations 12.0 
Active ratio   0.5 
Step size   0.2 
Best fitness   0.9273 

 
 

Figure 4: Confusion Matrices for Baseline MLP and EFO-MLP 
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Table 2: Optimal MLP Hyperparameters from Best Fitness Value 
Outcome Parameter Value 
Optimal MLP hyperparameters 1st hidden layer neurons  226 

2nd hidden layer neurons  108 
Dropout   0.441 
Learning rate  0.00788 

 
The optimized model was retrained on the full dataset and evaluated on the test set, yielding an accuracy of 

0.9906. Incidentally all four metrics in Table 3 are nearly identical to four decimal places, indicating that the model 
is extremely well-balanced and makes very few errors. Figure 5 shows the training accuracy and training loss curves. 
The training and validation accuracy curves show near perfect convergence and plateau early and the training and 
validation loss curves decline sharply in tandem indicating that the model learns and generalizes well from the data 
shown to it. The confusion matrix (Figure 6) shows near-perfect classification, with only a handful of 
misclassifications in fault class ‘4’. 
  

 
 
 

Table 3:  Metrics of EFO Random Search Optimized MLP 
 

Figure 6: Confusion Matrix of Optimized MLP 
Metric Value 

Accuracy 0.9906 
Precision 0.9905 

Recall 0.9906 
F1 Score 0.9905 

 

Figure 5: Training Accuracy and Training Loss Curve of Optimized MLP 
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Tables 4 and 5 show the comparison between the metrics of the baseline and the re-optimized EFO. In table 
4 an improvement of about 0.42% is observed in the F1 score and accuracy of the EFO MLP compared to the 
previous optimization which yielded 0.17% improvement in F1 score and accuracy indicating that the optimal 
hyperparameters obtained from the random search are quite effective in improving the overall performance of the 
diagnostic model. Table 5 shows a comparison of the per class F1 scores obtained from the baseline MLP and the 
two optimized versions (EFO and EFO-II) showing a clear upward trend in F1 score for all classes of faults. 
EFO-II is able to improve the F1 score for classes 1 and 3 which were not affected by the previous EFO 
optimization demonstrating higher performance and superiority.  

In summary, the baseline MLP achieved an accuracy of 98.63%, while the optimized model achieved 99.06%, 
indicating improved classification performance. In addition to overall accuracy, the optimized model 
demonstrated improved per-class F1-scores across all fault categories, highlighting its effectiveness in handling 
class imbalance. The confusion matrix further confirmed improved classification consistency across fault types. 
The results also showed improved convergence behavior and reduced training error, indicating that the EFO 
effectively guided the search for optimal hyperparameters. 

Although the absolute accuracy improvement is modest, the consistent improvement across all evaluation 
metrics and fault classes demonstrates enhanced robustness and generalization capability. 

 
Table 4: Baseline and Optimized MLP F1 and Accuracy Comparison 

Base 
Accuracy   

Base F1   EFO-II 
Accuracy    

EFO-II F1   Improved 
Accuracy (%)   

Improved F1 
(%) 

0.986396  0.986277  0.9906  0.9905         0.4261      0.4281 
 

Table 5: Baseline and Optimized MLP per class F1 Comparison 
CLASS BASELINE F1 EFO F1 EFO-II F1 
0      0.992136   0.993137 0.994572    
1      0.983452   0.983452 0.986717 
2      0.946023   0.951149 0.964652     
3      0.997579   0.997579 0.998058 
4      0.952212   0.958266 0.966868    

 
4.0 Conclusion 

The optimized MLP achieved an accuracy of 99.06% compared to 98.63% for the baseline model, indicating 
improved classification performance. In addition, per-class F1-scores increased across all fault categories, 
demonstrating enhanced robustness in handling imbalanced data. The results confirm that EFO effectively 
improves hyperparameter selection, leading to better generalization and classification stability. 

Overall, the results indicate that metaheuristic optimization can significantly enhance MLP-based fault 
diagnosis. The EFO was able to explore the hyperparameter search space to find a configuration that balances 
model capacity (226 neurons in the first layer) with strong regularization (dropout 0.441). The relatively high 
learning rate (0.00788) allowed faster convergence without causing instability. 

This paper presented an EFO-optimized MLP model for fault diagnosis in grid-connected PV systems. The 
implementation of this approach improved classification accuracy and robustness compared to a baseline model. 
The findings demonstrate the effectiveness of metaheuristic optimization in enhancing ANN-based fault diagnosis 
systems. Future work may explore comparisons with other optimization algorithms and real-time deployment. 
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