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Abstract — Solar photovoltaic (PV) systems are widely adopted for sustainable energy production; however, physical defects
such as glass breakage significantly reduce panel efficiency and system output. In this study, a real-world case analysis was
conducted on a 1003 kWp rooftop PV installation located at the Faculty of Educational Sciences, Gaziantep University, Tiirkiye
monitored via the SolarEdge platform. Voltage and current (V-I) values from both reference and cracked-glass panels were
collected and preprocessed to remove overlapping records and outliers below defined thresholds. A machine learning (ML)
model based on the Extreme Gradient Boosting (XGBoost) algorithm was developed using Python to classify panels as either
"reference" or "cracked" based on their electrical behavior. The model achieved high classification accuracy, enabling early
detection of defective panels without physical inspection. Furthermore, the energy loss caused by cracked panels was quantified
by comparing daily production metrics with those from fully operational control panels. This approach highlights the potential
for data-driven fault detection and performance optimization in PV systems, offering practical benefits for maintenance planning

and energy yield improvement.
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I. INTRODUCTION

The increasing global demand for clean and sustainable
energy has positioned PV systems as one of the most widely
adopted renewable energy technologies. Their modularity,
scalability, and emission-free operation make them a key
contributor to decarbonization efforts [6]. However, despite
their growing deployment, PV systems are vulnerable to a
variety of physical and operational faults that can significantly
reduce energy yield and system performance [7],[8].

Among these faults, glass breakage on PV modules caused
by impact, hail, thermal stress, or improper handling is a
critical issue. While the module may continue partial
operation, its performance is often degraded due to
microcracks, increased resistive paths, or moisture ingress,
leading to energy loss and long-term system inefficiency [13].
Traditional fault detection methods such as manual inspections
or infrared imaging are often time-consuming, costly, and
impractical for large-scale or rooftop systems [4]-[5].

Recent studies have explored artificial intelligence (AI) and
ML to overcome these limitations. For instance, Sharma and
Chandel [12] used decision trees to detect faults in PV systems
with high accuracy, demonstrated the effectiveness of gradient
boosting models in identifying partial shading and hotspot
issues using electrical signal data. Other approaches, such as
image-based deep learning models, have been applied to
identify physical panel damage including cracks, soiling, or
delamination from aerial or thermal images [10]. Despite these
advances, limited studies focus specifically on detecting glass
breakage via electrical signal analysis under field conditions,
which represents a gap in the current literature.

Modern monitoring platforms such as SolarEdge provide
high-resolution electrical data (e.g., voltage, current, power) at
the panel or string level, enabling data-driven diagnostics [14].
Leveraging these datasets through machine learning allows for

early-stage, automated fault detection without physical access
to panels. In particular, algorithms like XGBoost, known for
their robustness in handling tabular data and classification
tasks, have shown promising results in PV fault classification
[1]-[3].

This study proposes a real-world case analysis of a 1003
kWp rooftop solar PV system installed on the Gaziantep
University. V-I data collected from both reference and
cracked-glass panels via the SolarEdge monitoring system
were preprocessed and used to train an XGBoost model for
classification. In addition to identifying cracked panels, the
study also quantifies the energy production loss associated
with such damage, offering a practical framework for
predictive maintenance and fault management in distributed
PV installations.

II. MATERIALS AND METHOD

This study was conducted using data collected from a
rooftop PV system with a capacity of 1003 kWp, installed on
the Faculty of Educational Sciences building at Gaziantep
University, Tiirkiye. The system is continuously monitored
using the SolarEdge monitoring platform, which provides
panel-level electrical data. For the purpose of the analysis, two
groups of PV panels were defined: (i) a reference group
consisting of panels in normal operational condition, and (ii) a
test group composed of panels with visually identified or
experimentally induced glass breakage. The data acquisition
process ensured that environmental and irradiance conditions
were kept consistent to allow for accurate comparison between
groups. The collected dataset consisted of voltage (V) and
current (I) measurements recorded at 15-minute intervals. The
measurement period spanned the autumn season and focused
specifically on daylight hours between 06:00 and 18:00, which
correspond to the start and end of effective solar irradiance in
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the study region. This temporal window was chosen to ensure
the inclusion of data only during potential energy production
periods, while excluding periods of darkness and extremely
low irradiance that could introduce noise into the analysis.
Before training the model, the dataset was preprocessed
using the Python programming language (version 3.13) along
with the Pandas and NumPy libraries (Fig. 1). Initial steps
included the removal of overlapping time entries, which could
skew learning outcomes, and the elimination of data points
below a defined operational threshold, typically corresponding
to early morning or late evening periods with insufficient
irradiance. These cleaning steps aimed to ensure the quality
and relevance of the input data for subsequent analysis. After
preprocessing, a feature engineering step was carried out to
enhance the model’s learning capabilities. Alongside raw
voltage and current values, calculated power (P =V x I) and
the time of day were included as features. Each data point was
assigned a binary label, where “0” indicated a reference panel
and “1” represented a cracked-glass panel, forming the basis
for supervised machine learning.

df [numer:

Fig. 1 Python programming language along with the Pandas and NumPy
libraries, cleaning steps

The classification task was performed using the XGBoost
algorithm, selected for its high accuracy, speed, and
effectiveness in tabular datasets. The dataset was split into
training (80%) and testing (20%) subsets using stratified
sampling to maintain class distribution. Hyperparameter
tuning was executed using grid search and cross-validation
techniques to optimize model performance.

mode best_params
Fig. 2 XGBoost Model Training

The evaluation of the trained model was based on standard
metrics such as accuracy, precision, recall, F1-score, and the
confusion matrix, ensuring a comprehensive assessment of its
predictive capacity.

Fig. 3 Performance Evaluation

To estimate the total energy output of photovoltaic panels,
electrical energy was calculated based on the time-series
measurements of voltage and current. At each recorded
timestamp, the instantaneous power was computed using the
formula:

P(t) = V(t)xI(t)

where P(t) is the instantaneous power in watts (W), V (t) is
the voltage (V), and I(t) is the current (A) at time t. As the
data were collected at 15-minute intervals, the total energy
produced over a given day was approximated using the
discrete summation of power values multiplied by the time
step, converted into hours:
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N
E= Z P, x 0.25
k=1

Where 0.25 represents the time interval (15 minutes = 0.25
hours), and E is the total energy in watt-hours (Wh) or
kilowatt-hours (kWh) after proper unit conversion.

The final daily energy output for each panel group
(reference and cracked) was calculated by integrating power
over the measurement period. This enabled a direct
comparison of energy performance between the two panel
conditions and an estimation of losses attributable to physical

damage.
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Fig. 4 Power Distribution

Finally, an energy loss estimation was performed to
quantify the production shortfall resulting from cracked
panels. Daily energy output (in kWh) from the control and test
groups was compared over identical time frames. The relative
loss in performance was calculated using the formula:

Ereference —Ecracked

(Energy Loss (%) = x100)

Ereference

where Ercference Tepresents the energy produced by intact
panels and Ecrackea 1S the energy produced by panels with
broken glass. This quantitative analysis provided insight into
the real-world financial and operational impact of physical
defects in PV modules.

III. RESULTS

The XGBoost classifier demonstrated high performance in
distinguishing between reference panels and panels with
cracked glass based on voltage and current data. Following
model training and evaluation, the test set results yielded an
overall accuracy of 95.35%, with balanced precision and
recall values, indicating a strong ability to generalize to unseen
data. A breakdown of the model’s classification performance
is provided below Table 1:

Table 1. Classification performance

Class Precision Recall F1-Score
Reference (0) 91.89% 97.14% 94.44%
Local Crack (1) 97.96% 94.12% 96.00%
Average 94.93% 95.63% 95.22%
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Fig. 5 Per-Class Metrics

The confusion matrix in Fig 6. illustrates the number of
correctly and incorrectly classified instances. Most reference
panels were correctly identified, with only a small number
misclassified as cracked, while cracked-glass panels were
accurately detected in the majority of cases.

Reference
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Local Crack
'
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Reference

Local Crack
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Fig.6 Confusion Matrix

In addition to classification, the study evaluated the
quantitative energy impact of panel breakage. Daily energy
production data (kWh) were compared between reference and
cracked-glass panels over a period of seven days. Results
showed a consistent performance deficit in broken panels,
particularly during midday hours when irradiance was highest.

The average energy loss attributable to glass breakage was
calculated to be 10.98%, indicating a notable drop in power
generation efficiency. Fig.7 summarizes the daily energy
production of both panel groups and the percentage loss.

Local Crack

Fig.7 Avarage Energy Comparison

These results demonstrate that even minor physical damage,
such as microcracks or partial glass breakage, can cause
measurable performance degradation that may go undetected
without predictive diagnostics.

IV.CONCLUSION

This study successfully developed a machine learning model
based on the XGBoost algorithm to classify photovoltaic
panels with broken glass from reference panels using voltage
and current data collected via the SolarEdge monitoring
platform. The model achieved high accuracy and demonstrated
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strong predictive capabilities, confirming that electrical
measurements can effectively serve as indicators of physical
panel damage. Furthermore, the analysis quantified the energy
production losses caused by glass breakage, revealing an
average reduction of approximately 10.98%, in daily energy
output for affected panels. This underlines the economic and
operational significance of timely fault detection in solar
power plants. These results emphasize the importance of
integrating Al-based diagnostic tools within PV monitoring
systems to reduce downtime and maintenance costs, ultimately
contributing to improved energy yield and system reliability.
By detecting faults early, operators can prioritize repairs and
mitigate energy losses more effectively. Future work may
focus on expanding the dataset with additional fault types,
incorporating environmental variables such as temperature and
irradiance  fluctuations, and  developing real-time
implementation of the classification algorithm. This will
support more comprehensive and proactive solar plant
management.
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