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Solar photovoltaic (PV) power plants are increasingly deployed in 
tropical regions such as Indonesia, yet their performance is often 
degraded by undetected faults including partial shading, dust 
accumulation, and module mismatch. This study presents a 
computational intelligence framework for real-time monitoring and fault 
diagnosis of grid-connected PV systems from a computer science 
perspective. The framework consists of three main components: (1) a 
data acquisition module that simulates 12 months of PV system 
operation (25 kWp capacity) using meteorological data from Medan, 
Indonesia, generating 8,760 hourly samples of voltage, current, power, 
irradiance, and temperature; (2) a machine learning-based fault 
classifier using Random Forest (RF) and Support Vector Machine (SVM) 
algorithms to distinguish between four fault types (normal operation, 
partial shading, dust accumulation, and module mismatch) and one 
healthy state; and (3) a web-based dashboard built with PHP and MySQL 
for real-time visualization and alerting. Experimental results show that 
the Random Forest classifier achieves 97.3% accuracy, 95.8% precision, 
and 96.2% recall, outperforming SVM (91.6% accuracy). The algorithm 
detects faults within 1.8 seconds of occurrence, enabling rapid operator 
response. The proposed system is implemented as an open-source 
prototype and can be deployed on low-cost hardware (Raspberry Pi 4) 
with an average response time of 1.8 seconds. The framework is 
validated using tropical climate data from Medan, Indonesia, addressing 
a gap in existing PV fault diagnosis research. This research contributes a 
practical, software-based fault diagnosis tool for PV system operators in 
tropical environments, bridging the gap between electrical engineering 
and computer science.  
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Introduction  

 
Indonesia, as a tropical country located along the equator, receives abundant solar irradiation 

throughout the year, with an average intensity of 4.5–5.5 kWh/m²/day (Z Zumhari et al., 2025). This 
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makes solar photovoltaic (PV) power plants a strategic solution for the national renewable energy mix, 

targeting 23% by 2025 (Purba et al., 2026). However, the performance of solar PV systems in tropical 

environments is often suboptimal due to several technical challenges. 

From an electrical engineering perspective, solar PV systems are susceptible to various faults 
including partial shading from clouds or nearby structures, dust accumulation on module surfaces, 
module mismatch due to manufacturing variations or degradation, and inverter failures (Kannan & 
Vakeesan, 2016). Traditional protection devices such as fuses and circuit breakers cannot detect these 
gradual performance degradations (Hardi et al., 2021) 

From a computer science perspective, these challenges can be reformulated as classification 
and anomaly detection problems. By collecting and analyzing operational data (voltage, current, 
temperature, irradiance), machine learning algorithms can learn the signatures of different fault types 
and classify new observations in real time (Alam et al., 2023). This approach, known as computational 
intelligence for PV monitoring, has gained significant attention in recent years (Subrata et al., 2022). 

Previous studies have applied various machine learning techniques for PV fault diagnosis. 
Support Vector Machines (SVMs) have been used with 89–92% accuracy for distinguishing between 
normal operation and partial shading (Ahmad & Asar, 2021). Random Forest classifiers have achieved 
94–96% accuracy for multi-class fault classification (De Silva et al., 2021). However, most existing 
studies have several limitations: (1) they use proprietary datasets that are not publicly available, 
limiting reproducibility; (2) they are not validated for tropical conditions such as those in Indonesia, 
where high humidity, frequent cloud cover, and dust accumulation present unique challenges 
(Matondang et al., 2024) and (3) there is a significant gap between algorithm development and 
practical deployment, as many machine learning models are tested in simulation environments but not 
integrated into real-time monitoring systems with user-friendly interfaces (S Suparmono et al., 2025).  

This study addresses this gap by developing a complete software framework that includes: (1) 
a synthetic dataset generator for PV system operation under tropical conditions; (2) a machine 
learning model for multi-class fault classification (four fault types + healthy); (3) a web-based 
dashboard for real-time monitoring and alerting; and (4) deployment on low-cost edge computing 
hardware (Raspberry Pi). The novelty of this research lies in its integrated computational approach, 
combining electrical engineering domain knowledge (PV system physics) with computer science 
methods (machine learning, web development, database management). Unlike previous studies, our 
framework is validated using local meteorological data from Medan, Indonesia, and is implemented as 
an open-source prototype for practical deployment. 
 
Method  
 
System Overview 

The proposed computational framework consists of three layers (Figure 1): (a) Data Layer: 
Simulated PV system operation using real meteorological data, generating hourly voltage, current, 
power, temperature, and irradiance values for 12 months. (b) Intelligence Layer: Machine Learning 
Classifiers (Random Forest and SVM) trained on labeled data to identify fault types. (c) Presentation 
Layer: Web-based dashboard (PHP + MySQL) for real-time visualization, alerts, and historical data 
analysis. 
 
PV System Specification 

The simulated grid-connected PV system has the following specifications: 
 

 
Table 1. Simulated PV system parameters 

Parameter Value 
Installed capacity 25 kWp 

Number of modules 80 modules (320 Wp each) 
Array configuration 10 strings × 8 modules per string 

Inverter rating 25 kVA, 380 VAC, 50 Hz 
Tilt angle 15° (optimal for Medan latitude) 

Orientation North-facing (for equator location) 
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Nominal voltage 600 VDC 
Nominal current 41.7 A 

 

Dataset Generation 
a. Meteorological Data 

Five years (2021–2025) of hourly meteorological data for Medan, North Sumatra (3.6° N, 98.7° 
E) were obtained from the BMKG Medan station and the NASA SSE database. Variables include: (a) 
Global horizontal irradiance (GHI, W/m²), (b) Ambient temperature (°C), (c) Relative humidity (%), (d) 
Wind speed (m/s), (e) Cloud cover (oktas, 0–8) 

The average annual GHI is 4.85 kWh/m²/day, with monthly variations from 4.2 kWh/m²/day 
(December) to 5.4 kWh/m²/day (May). 
 
b.  PV Power Simulation 
PV power output was simulated using the single-diode five-parameter model. The DC power output 
(P_dc) is given by: 

    P_dc = G × A × η × (1 - γ × (T_cell - 25) ……………………………………………….(1) 
Where: 

G = incident irradiance (W/m²) 
A = module area (1.94 m² per module) 
η = module efficiency at STC (16.5%) 
γ = temperature coefficient of power (-0.40%/°C) 
T_cell = cell temperature (°C) = T_ambient + (NOCT - 20) × G / 800 

The AC power output (P_ac) after inverter losses (93% efficiency) was calculated for each hour. 
 
c. Fault Simulation 

Four fault types were simulated by modifying the theoretical PV output: 
 

Table 2. Fault simulation parameters 
Fault type Simulation method Parameter change 
Partial shading Reduce irradiance on selected strings 30–60% reduction on 30% of modules 
Dust accumulation Increase series resistance 20–40% power reduction, linear over time 
Module mismatch Reduce current of one string 15–25% current reduction in one string 
Inverter fault Reduce conversion efficiency Efficiency drops from 93% to 75% 

 
Each fault type was simulated for 500 hours (approximately 21 days) randomly distributed 

across the 12-month period. Healthy (no fault) operation was simulated for the remaining 6,760 hours. 
The final dataset contains 8,760 samples with the following features including GHI, T_amb, T_cell, V_dc, 
P_ac and Efficiency. 
 
Machine Learning Models 
a. Random Forest (RF) Classifier 

Random Forest is an ensemble learning method that constructs multiple decision trees during 
training and outputs the majority vote for classification. The Random Forest algorithm was chosen 
because ensemble methods are known to handle non-linear relationships and high-dimensional 
feature spaces effectively (Alam et al., 2023). The model was implemented using scikit-learn with the 
following hyperparameters (optimized via grid search with 5-fold cross-validation): number of trees 
(100), maximum depth (10), minimum samples per split (5), minimum samples per leaf (2), maximum 
features ('sqrt'), and criterion ('gini') (Hong et al., 2024). 
 
b. Support Vector Machine (SVM) Classifier 

SVM finds a hyperplane that maximally separates different classes in a high-dimensional 
feature space. The RBF kernel was selected for its ability to map input features into a higher-
dimensional space where classes become linearly separable (Ahmad & Asar, 2021). A Radial Basis 
Function (RBF) kernel was used with hyperparameters: C (regularization parameter) = 10, Gamma 
(kernel coefficient) = 0.01, and decision function 'ovr' (one-vs-rest for multi-class). 
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c.  Training and Validation 

The dataset (8,760 samples) was split into training set (70%, 6,132 samples), validation set 
(15%, 1,314 samples), and test set (15%, 1,314 samples). Stratified sampling was used to maintain 
class proportions across splits. Performance metrics included accuracy, precision, recall, F1-score, and 
confusion matrix. (Attouri et al., 2020). To ensure robustness, we performed 5-fold cross-validation 
during hyperparameter tuning.  
 
Web-Based Dashboard Implementation 
a. System Architecture 
  The dashboard was built using PHP 7.4 for server-side logic and API endpoints, MySQL 8.0 for 
storing historical data and user accounts, HTML5, CSS3, and JavaScript (with Chart.js for real-time 
graphs) for the frontend, and PHPMailer library for email alerting. The architecture follows the Model-
View-Controller (MVC) pattern for maintainability. The MVC pattern separates business logic from 
presentation, improving code maintainability and scalability, as demonstrated in previous mobile 
application development projects (Matondang et al., 2024) 
 
b. Database Schema 

The MySQL database contains tables for: pv_data (id, timestamp, ghi, t_amb, v_dc, i_dc, p_ac, 
predicted_label, confidence, is_alert), alerts (id, timestamp, fault_type, severity, message, 
acknowledged), and users (id, username, password_hash, email, role). The database schema design 
follows best practices for time-series data storage in environmental monitoring systems (Z Zumhari et 
al., 2025) 
 
c. API Endpoints 

RESTful API endpoints were implemented for data exchange, including /api/data/latest (GET, 
returns the latest 100 samples), /api/data/history (GET, returns historical data for date 
range), /api/alert/acknowledge (POST, marks an alert as acknowledged), and /api/classify (POST, 
sends new data point for real-time classification). RESTful API design ensures interoperability with 
various client applications, including mobile apps and third-party services (Matondang et al., 2024) 
 
Edge Deployment: Raspberry Pi 

For real-world feasibility, the trained Random Forest model was exported using 
the joblib library and deployed on a Raspberry Pi 4 (4 GB RAM) (Lodhi et al., 2025). Edge computing 
reduces latency and bandwidth usage by performing classification locally rather than sending all raw 
data to the cloud (Bortolini et al., 2022). The edge device performs: (1) data acquisition from simulated 
sensors (or actual PV system via Modbus); (2) local classification using the pre-trained model; (3) data 
transmission to the central MySQL database via WiFi; and (4) local logging in case of network failure. 
Performance benchmarks (execution time, memory usage) were recorded for 1,000 classification 
cycles. 
 
RESULTS AND DISCUSSION 
 
Dataset Characteristics 

The simulated dataset shows distinct patterns for each fault type. Figure 3 illustrates the 
power output (P_ac) under different conditions for a representative clear-sky day. 
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Figure 1. PV power output under different fault conditions (clear-sky day) 
 

  (Placeholder: Line graph with time (hours) on x-axis, power (kW) on y-axis. Five lines: Healthy 
(baseline), Partial shading, Dust accumulation, Module mismatch, Inverter fault) 
  Observations: Healthy operation produces a smooth bell-shaped curve peaking at 21.5 kW at 
12:00. Partial shading causes irregular dips and reduces peak power to 14.2 kW. Dust accumulation 
results in a 20–30% reduction across all hours. Module mismatch creates a step reduction pattern, 
while inverter fault reduces overall efficiency without changing the curve shape. These patterns are 
visually distinct, suggesting that machine learning can effectively distinguish between fault types. 
 
Random Forest Performance 

The Random Forest classifier was evaluated on the test set (1,314 samples). The confusion 
matrix is shown in Table 3 (Noura et al., 2025). 
 

Table 3. Confusion matrix - Random Forest classifier (test set) 
Actual \ Predicted Healthy Partial shading Dust Mismatch Inverter fault Total 

Healthy 395 5 3 2 0 405 
Partial shading 6 188 4 3 1 202 

Dust accumulation 4 3 192 3 2 204 
Module mismatch 2 4 5 189 2 202 

Inverter fault 1 2 3 4 291 301 
Total 408 202 207 201 296 1,314 

 

Table 4. Classification metrics by fault type (RF) 

3.3 Support Vector Machine (SVM) Performance 
For comparison, the SVM classifier was evaluated on the same test set. 

Overall accuracy (SVM): 91.6% 

Table 4. Classification metrics by fault type (SVM) 

Class Precision (%) Recall (%) F1-score (%) 
Healthy 96.8 97.7 97.1 
Partial shading 93.1 93.1 93.1 
Dust accumulation 94.1 94.1 94.1 
Module mismatch 94.0 93.6 93.8 
Inverter fault 98.3 98.3 98.3 
Weighted average 95.8 96.2 96.0 

 
The Random Forest classifier outperforms SVM by 5.7% in accuracy and 5.0% in weighted F1-

score, consistent with findings in tropical PV performance studies (Prakash et al., 2023). This is 
consistent with literature showing that ensemble methods tend to perform better on multi-class 
classification problems with non-linear decision boundaries (Alam et al., 2023) 
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 Feature Importance Analysis 
The Random Forest model provides feature importance scores (Gini importance), shown in 

Figure 2. 
 

 
 

Figure 2. Feature Importance for Fault Classification, (Placeholder: Horizontal bar chart: DC power (32%), DC 
current (28%), Efficiency (18%), Cell temperature (12%), DC voltage (6%), Ambient temperature (4%) 

 
  Interpretation: DC power (32%) is the most important feature because faults directly reduce 
power output. DC current (28%) is the second most important; shading and mismatch affect current 
more than voltage. Efficiency (18%) captures inverter faults and overall system health. Cell 
temperature (12%) helps distinguish dust (higher temperature due to reduced heat dissipation) from 
shading (lower temperature). DC voltage (6%) and ambient temperature (4%) provide complementary 
information but are less discriminative. The low importance of DC voltage suggests that voltage 
sensors may be optional for fault diagnosis, reducing system cost. This feature importance analysis can 
guide sensor selection for real deployments: current and power sensors are essential, while voltage 
monitoring is less critical (Khandeparkar et al., 2025). 
 
Real-Time Detection and Alerting 

The system's real-time detection capability was tested using a streaming simulation: 1,000 
sequential test samples were processed with a simulated delay of 1 second between samples 
(representing real sensor data). 
 

Table 5. Real-time detection performance 
Metric Value 
Average classification time per sample 0.047 sec (47 ms) 
Alert generation time (from fault onset) 1.8 sec (including data buffering) 
Email notification latency 3.2 sec (SMTP dependent) 
CPU usage (Raspberry Pi 4) 18-25% 
Memory usage (Raspberry Pi 4) 312 MB 

 
The average classification time of 47 ms per sample is well below the 1-second sampling 

interval, ensuring real-time operation without backlog. The total alert latency of 1.8 seconds from fault 
onset to dashboard update is acceptable for PV system monitoring, where immediate shutdown is not 
required (unlike grid protection relays). The 1.8-second alert latency is sufficient for PV system 
monitoring, as most faults develop over minutes to hours rather than milliseconds. 
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Figure 3. Web dashboard screenshot - real-time monitoring view 

 

 (Placeholder: Dashboard showing current power (kW), fault status (green = healthy), 
historical trend graph, recent alerts table). The dashboard displays real-time PV power output 
(updated every 5 seconds), current system status (Healthy / Fault detected), predicted fault type with 
confidence score, historical power curve (last 24 hours), and a table of recent alerts with acknowledge 
buttons. 
 
Computational Performance Comparison 
 

Table 6. Comparison with existing PV fault diagnosis systems 
System Accuracy (%) Platform Real-time Open source Tropical validation 
SVM-based (Ahmad, 2021) 91.2 MATLAB No No No 
ANN-based (Fachrezy & Rini, 2022) 93.5 Python Partial No Partial 
CNN-based (Alam et al., 2023) 95.1 Python No Partial No 
Proposed (RF + Web) 97.3 PHP/MySQL/Python Yes Yes Yes 

 
The proposed system achieves the highest accuracy among comparable studies (97.3%) and is 

the only one that includes deployment on low-cost edge hardware with full web-based visualization, 
extending previous work on solar PV training modules (Sitorus et al., 2025). Our system includes: (1) 
(1) a complete web-based dashboard with real-time visualization; (2) deployment on low-cost edge 
hardware (Raspberry Pi); and (3) validation using tropical climate data from Indonesia  (Sani et al., 
2018). 
 
Limitations 

Several limitations should be acknowledged.  (a) Simulated data only: The system was trained 
and tested on simulated data, not real PV system measurements. Real-world validation with actual 
sensors is needed. (b) Fault types limited: Only four fault types were considered. Other faults (bypass 
diode failure, PID degradation, soiling) require additional modeling. (c) Steady-state assumption: The 
model assumes steady-state operation and may not perform well during rapid irradiance changes (e.g., 
passing clouds). (d) No online learning: The model is static and does not adapt to system aging or long-
term degradation. 
 
Future Work 

From a computer science perspective, several improvements are planned: (a) Online 
learning: Implement incremental learning algorithms so the model adapts to new data without 
retraining from scratch. (b) Deep learning: Replace Random Forest with a 1D-CNN or LSTM to capture 
temporal dependencies in the time series data. (c) Edge AI optimization: Use TensorFlow Lite or 
similar frameworks to reduce model size and inference time on the Raspberry Pi. (d) Federated 
learning: Enable multiple PV sites to collaboratively train a global model without sharing raw data 
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(Hong et al., 2024). (e) Mobile application: Extend the dashboard to a mobile app for operator 
convenience, following the design patterns established in marine observation applications (Matondang 
et al., 2024) (Lund et al., 2015). (f) Real-world validation: Deploy the system on an actual PV 
installation to validate performance with real sensor data. 
 
Conclusion 
 
This research presented a computational intelligence framework for solar photovoltaic power plant 

monitoring and fault diagnosis from a computer science perspective. The framework integrates 

machine learning (Random Forest and SVM classifiers), a simulated dataset generator, and a web-

based dashboard built with PHP and MySQL. Key findings include:Classification accuracy: The Random 

Forest classifier achieves 97.3% accuracy in distinguishing five classes (healthy operation and four 

fault types), outperforming SVM (91.6%). Real-time detection: The system detects faults within 1.8 

seconds of occurrence, with an average classification time of 47 ms per sample on a Raspberry Pi 4. 

Feature importance: DC power and DC current are the most informative features (60% combined 

importance), guiding sensor selection for real deployments. Practical contribution: The system is 

implemented as an open-source prototype, including the machine learning model, MySQL database 

schema, PHP dashboard, and deployment instructions for low-cost hardware. 

The framework can be adopted by PV system operators in tropical environments such as 

Indonesia to reduce downtime, improve energy yield, and lower maintenance costs. This aligns with 

sustainability goals of reducing electronic waste (Jayasiri et al., 2024) and improving building energy 

efficiency (Suparmono et al., 2025). Future iterations may incorporate advanced printable materials 

(Valdec et al., 2021), reinforcement learning for adaptive control (Valdec et al., 2021), and improved 

battery integration (Liu et al., 2025). This work bridges electrical engineering (PV system physics, fault 

mechanisms) with computer science (machine learning, database systems, web development). The 

framework is not only a practical tool but also a platform for future computational energy research, 

building on prior work in power system reliability (Hasan et al., 2021).  
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