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Abstract— The adoption of photovoltaic (PV) energy is growing rapidly, leading to the installation of numerous solar power plants to
meet rising electricity demand. Among the various operational challenges, partial shading significantly reduces the power output of PV
panels. During routine maintenance, panels are typically cleaned to remove debris such as dust, dirt, or bird droppings—common causes
of shading. However, shading severity varies across panels, especially in large PV installations, making uniform cleaning inefficient. To
address this, the paper proposes a machine learning-based methodology for detecting and quantifying partial shading at the panel level. By
analyzing power output, irradiance, and ambient temperature data, the proposed approach identifies the panels most affected by shading
and classifies the severity into low, medium, and high categories. This enables smart maintenance prioritization and early fault prediction,
preventing issues such as hotspots and module degradation while reducing operational costs. In a comparative study of eleven Machine
Learning models, the ensemble bagged trees algorithm achieved the best performance 90% accuracy in identifying the most affected panels
and 93.5% accuracy in classifying shading levels. The proposed solution is well-suited for real-time deployment in solar parks, offering an
effective tool for predictive maintenance and optimized plant operations.

Keywords—Partial shading, photovoltaic system, machine learning technique, modeling, simulation.

1. INTRODUCTION

Recognizing the world’s future energy needs, governments
and industries are increasingly investing in renewable energy to
meet demand and explore alternative energy sources. It has been
reported in [1] that renewable energy sources actively reduce CO?
emissions and significantly decrease emission-related costs. By
the end of 2023, India had generated 70,000MW of solar power,
making it the dominant contributor to the country’s renewable
energy mix [2] and the cumulative global installed capacity
has exceeded 760 GW [3, 4]. Solar panels actively capture
sunlight to extract photovoltaic energy, playing a crucial role
in solar power generation. Nonetheless, the variability of solar
output and its integration with the main power grid pose several
operational challenges [5]. Additionally, since solar panels are
installed outdoors, they are susceptible to the accumulation of
debris on their surface. This dirt and dust build-up, which is one
of the reasons of partial shading, can severely reduce the panel’s
efficiency and its performance over time [6].

1.1. Motivation

It has been reported that partial shading can lead to a 20-40%
decrease in the power output of solar panels, as it disrupts the
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amount of sunlight reaching the cells [7]. The effect of shading
in the PV curve is mentioned in Fig. 1, where it is visible
and it becomes evident that the power output of PV panels
under shaded conditions gets reduced. Also, Shading triggers the
formation of hotspots and contributes to panel degradation, which
may ultimately lead to permanent damage [8]. To ensure optimal
performance of PV panels, it is essential to reduce shading caused
by dirt accumulation. The standard approach to address this issue
involves cleaning the panels at regular intervals [9]. Also, there
can be unequal deposition of debris leading to unequal shading
in different panels for various reasons (e.g. bird droppings, solid
dust accumulation, snow covering, leaves, passing clouds, shadows
of nearby building structures, etc.) thereby posing a challenge
in the maintenance activities, especially for large solar parks.
Therefore, to carry out maintenance effectively, this paper proposes
prioritizing the cleaning of solar panels with the highest shading
levels. For this purpose, a smart system can be designed for the
maintenance of solar panels from soiling and partial shading using
priority-based cleaning of the panels which can detect the shading
extent of each panel and identify the panels with highest shading
levels. Thereafter, the panel having the highest shading should
be given highest priority for the maintenance. As mentioned in
[9], analyzing the shading level is also crucial from an economic
perspective. This paper’s analysis offers crucial insights that can
help assess whether immediate maintenance is necessary or if there
is ample time to implement a more flexible schedule. Achieving
this requires accurately assessing the level of permanent shading,
specifically by classifying panels as heavily, moderately, or lightly
shaded based on the amount of debris accumulated on their
surfaces. The proposed methodology can be particularly beneficial
in cases where a large number of panels are mounted for mass
generation of electricity.
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Fig. 1. PV curve with and without shading.

1.2. Literature review

There have been many studies in recent years regarding PV
system monitoring and detection of various faults and maintenance
of PV systems. The key challenges, present approaches, and
opportunities for the predictive maintenance of PV systems are
illustrated in [10]. The paper reviews predictive maintenance
strategies for PV systems, noting that advanced methods like
real-time sensing and machine learning offer higher fault detection
accuracy but require greater investment compared to simpler
inspection techniques. It also outlines the potential of integrating
diverse approaches to overcome cost, scalability, and accuracy
challenges, paving the way for more reliable and efficient PV
system operation. Partial shading in PV systems provides valuable
insights and practical solutions to enhance energy yield and system
reliability through array reconfiguration and predictive modeling
[11]. Different shading scenarios have been investigated in [12]
in order to analyze its impact on the efficiency of the system.
The study demonstrates that shading significantly reduces PV
energy output with the impact strongly dependent on obstacle
position. The detrimental impact of partial shading on PV systems
has been underscored in [13] and suggestive methods thereof to
prevent or mitigate the effect of partial shading have been further
mentioned in the research article. However, this study mainly
considers partial shading but does not deeply account for other
influencing factors like temperature variation, dust deposition, or
seasonal changes, which also affect PV performance. A smart
PV monitoring system that leverages artificial neural networks is
proposed in [14] to estimate output power from variables like
irradiance and temperature, enabling the detection of shading and
related faults. Paired with an IoT platform for real-time data
visualization and alerts, this solution helps improve energy yield
and reduce maintenance efforts. However in [14], only partial
shading detection has been discussed without fault localization.
For different shading strengths, the percentage by which the
output of the solar panels gets affected was reported by [15].
It has been stated that under identical shading conditions, power
loss is more severe in series-connected PV setups, while parallel
connections experience relatively minimal reduction, emphasizing
how electrical configuration can influence shading resilience.
The monitoring technologies focused on various data processing
modules and data transmission protocols are presented in [16].
The study also outlines persistent issues like handling massive
data streams, overcoming communication interference, sustaining
long-distance connectivity, and safeguarding system security, while
suggesting that future advancements should focus on building
monitoring systems that are more reliable, scalable, and secure.
[17] Proposes a machine learning—based correction approach that
detects shading effects caused by stationary obstacles such as
buildings or trees and improves day-ahead PV power forecasts
by leveraging inverter readings and prior-day irradiance data.
While effective, the paper doesn’t delve into how the model
performs under real-world, continuously varying shading in diverse
environments, indicating a gap in evaluating adaptability to

dynamic or naturally occurring shading scenarios beyond the
controlled setups used in the study. A method using digital image
processing for binary partial shading detection on PV panels is
presented in [18] with a detection accuracy of about 94.7% yet it
stops short of evaluating how the method performs under diverse
real-world conditions, like varying environments or integration
with live power data. [19] presents reconfiguration strategies for
PV arrays to overcome for the power losses caused due to partial
shading highlighting that dynamic, metaheuristic-driven methods
generally outperform static approaches, yet practical deployment
remains constrained by complex wiring, high hardware demands,
and scalability limitations. To compensate for the power mismatch
losses, different PV array configurations have been proposed for
4 X 4 array size in [20] , however, the research is limited by
its focus on a single array size and simulated scenarios, leaving
open the question of how well these configurations perform
across larger arrays or in varied real-world conditions. In [21],
different photovoltaic array configurations are evaluated under
partial shading, finding that certain arrangements (notably Total
Cross Tied) maintain higher power output and lower mismatch
losses compared to simpler layouts. However, the analysis is
limited to simulated conditions and doesn’t address performance
in real-world, dynamically changing shading environments, leaving
the real-life effectiveness of these configurations unverified. In
[22], binary firefly algorithm-based array reconfiguration algorithm
is discussed for fault detection achieving around 99% accuracy
but the mentioned approach cannot be implemented on the already
existing installed solar systems as it would require reconfiguration
of the entire array system. Similarly, in [23] presented as solution
for optimization of PV array under partial shading condition using
Dynamic Leader-Based Collective Intelligence (DLCI) algorithm
yet it remains untested in practical, hardware-based environments,
leaving its real-world feasibility unproven. [24] suggests a Multi-
Step Optimization Algorithm (MSOA), which is a dynamic
reconfiguration strategy intended to rebalance the shading effects
on the photovoltaic array yet it leaves unaddressed its performance
in larger-scale or dynamic real-world settings. As a mitigation
strategy, [25] has proposed a voltage equalizer to defend the PV
system against partial shading achieving over 99% conversion
efficiency with significantly fewer switches and sensors however, it
leaves untested how the system performs in long-term real-world
deployments. [26] introduced a method to quantify PV shading
effect based on I-V curves when partial shading occurs using
pixel-based comparisons between shaded and normal conditions.
However, it does not demonstrate how robust or transferable this
approach is when exposed to varying environmental conditions. [27]
proposed a model-based method for detection of partial shading
which is cost effective as it doesn’t require expensive infrastructure,
however, it is important to identify the precise location of faulty
panels, after the detection has been accurately done. [28] proposes
a sensorless, IoT-based method that uses semi-supervised learning
to diagnose faults at the panel level in solar PV arrays while
minimizing hardware requirements while leveraging both labeled
and unlabeled data for effective fault detection. However, it
does not investigate how the method performs across diverse
environmental conditions or real-world installations. Diagnosis
of partial shading and quantification of severity of shading has
been discussed in [29], based on derivative characteristics and
power deviations. The proposed I-V reconstruction method focuses
solely on diagnosing and quantifying partial shading but does
not integrate with any real-time control or reconfiguration system.
In [30], a study on enhancing the efficiency of Linear Fresnel
Reflector Solar Concentrators (LFRSCs) has been carried out
using advanced optical modeling and optimization techniques.
This work demonstrates that with robust simulations along with
integration of advanced optical designs, LFRSC efficiency can
be improved significantly. In the review paper [31], it has been
summarized that use of super-hydrophobic transparent coatings in
solar energy systems as a solution to mitigate dust accumulation
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and increase panel’s efficiency looks beneficial but there is a
need to develop standardized protocols to assess these coatings’
longevity and performance in practical settings. Similarly, authors
of [32] have also discussed and reviewed the application of
using super-hydrophobic coatings for PV systems to mitigate the
effects of dust accumulation. However, it has been stated in the
article that the challenge of durability, long-term performance and
cost-effectiveness remains. [33] Proposed the Diagonally Dispersed
Total Cross Tied (D-TCT) Configuration, which rearranges PV
modules diagonally within the array. To maximize the performance
of PV systems under varying conditions like partial shading, the
authors of [34] created a sophisticated Fuzzy Logic Controller
based MPPT algorithm. Authors of [35] investigated about optimal
planning for solar modules by strategically placing them to
maximize energy efficiency to reduce shading effects. A novel
approach to improve the panel’s efficiency under partial shading
has been presented in [36] by replacing conventional bypass diodes
with electromagnetic relays. However, this approach requires
modifications in the existing panel architecture and also, relays
are bulkier than diodes which may further cause integration
issues with PV panels. [37] carried out experiments to present
a method for enhancement of PV array performance under
conditions of partial shading by employing a Chaos Map-based
physical reconfiguration strategy. The investigation regarding the
effect of orientation of PV panels (portrait vs landscape) under
partial shading scenarios has been demonstrated in [38]. Research
article [39] underscores the importance of maximizing PV panel
tilt and shading conditions to improve energy efficiency and
reduce costs in building applications across a range of European
environments. [40] investigates different methods like introduction
of Magic Square View technique, a physical rearrangement strategy
within the Total Cross Tied (TCT) configuration, with the aim to
distribute shading effects more evenly across the array but the study
does not address installation complexity, wiring modifications, or
cost-benefit analysis for implementing the MSV configuration in
practice. [41] introduced Modified Bridge-Linked (Modified BL)
Configuration whose interconnection of solar modules lessens the
negative effects of shading on the array as a whole but the
analysis does not address how well the modified Bridge-Linked
(BL) configuration scales across different PV array sizes—from
residential installations to utility-scale farms.

Most of the previous researches have worked on the detection
of partial shading or enumerating methods which can reduce the
effect of partial shading but characterization of partially shaded
panels on the basis of shading severity by the identification of the
most affected panel as well as identification of the level of severity
for timely mitigation has not entirely been covered in prior studies.

1.3. Paper contributions

In this paper, a very simple yet effective approach for identifying
the shading phenomenon in PV systems has been discussed, which
involves recognizing the panel impacted the most by partial
shading and determining the shading level by using the power
output value of each panel, irradiance, and ambient temperature
values through machine learning. The proposed method is designed
for implementation in solar parks and can be highly beneficial for
the predictive maintenance of PV array systems, enabling timely
interventions and reducing maintenance costs. Since the output of
solar panels varies with changes in irradiance and temperature,
it is often challenging to distinguish shading conditions from
normal operating conditions, especially under low irradiance. Thus,
machine learning techniques can be particularly advantageous for
such cases as they have proficiency in identifying different patterns
within large datasets [42, 43]. The major contributions of this work
can be summarized as below:

1) The proposed methodology enables precise identification

and localization of photovoltaic panels that are significantly
impacted by shading effects. This capability facilitates

proactive maintenance and fault diagnostics, particularly for
issues such as hotspot formation and module degradation,
which can critically impair overall system performance by
reducing energy yield and operational lifespan.

2) Quantification of shading level with three definite
demarcations as low, medium and high level of shading has
been demonstrated in the paper. This work can significantly
assist in predicting the impact of shading on efficiency,
estimated power loss and scheduling of maintenance for solar
panels based on the severity of shading level.

3) With the use of ensemble bagged trees machine learning
algorithm, the detection of the most affected panel through
shading and the identification of the level of shading have
been done with an accuracy of 90% and 93.5% respectively.

4) Eleven machine learning algorithms have been included in
a comparative study to show how the ensemble bagged
trees algorithm outperforms the other approaches for the
aforementioned techniques.

Thus, by using real-time data, this work can assist in determining
the schedule for maintenance activities of the panels by identifying
the panel with maximum shading and also the level of shading,
henceforth using priority indicators for further actions to be taken.
Fig. 2 presents the flowchart, which can be practically implemented
for predictive maintenance by following the sequence shown. The
process begins with identifying the panel subjected to the highest
shading, followed by determining the shading level. Based on
these two indicators, a decision can then be made regarding the
need for immediate maintenance action. This can be done with the
use of priority indicators for an automated system. Additionally,
this information can help in predicting faults where shading is the
primary cause.

Use of priority
indicators for schedule
of maintenance of PV
panels

Identifying the panel
having highest shading

Identifying the level of
shading in the PV panel

Fig. 2. Flowchart of predictive maintenance methodology.

2. METHODOLOGY: EXPERIMENTATION AND
DATASET GENERATION

2.1. PV system details

This paper identifies two objectives that guide the adoption of
an appropriate work sequence for priority-based maintenance of
PV systems affected by shading. For this purpose, a simulation
model is developed with two PV systems in which the first system
represents a physical PV system under shading conditions, while
the second system is its replica operating under ideal, non-shaded
conditions. Each module’s voltage and current values are measured,
and thus, the power generated by each panel is measured for
different irradiance and temperature values. The Power output of
the shaded system is then compared with a non-shaded/ideal system
under the same conditions i.e. solar irradiance and temperature.
The power outputs and relative errors between the shaded and
ideal systems are used as inputs/indicators for the classification
learner algorithm. This workflow has been depicted in Fig. 3. By
using only the power values and the relative error of the power
difference as indicators, the following classification is performed:

1) Identification of the highest shaded panel

2) Level of shading with ranges defined as 0-33%, 34-66%,
67-100%
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Fig. 3. Overview of proposed methodology workflow.

2.2. Ensemble bagged trees algorithm

Among the different classification techniques of machine
learning, the ensemble bagged tree algorithm has an advantage
when we are dealing with a complex dataset. Bootstrap sampling
and decision trees are combined in ensemble bagged trees
algorithm to lower model variance and increase accuracy. This
learning merges the insights received from various learning models
or base learners and gives the output. Through this process, the
output received can have greater accuracy, and thus, improved
decisions can be made. This machine-learning method uses several
different decision trees instead of a single decision tree [14]. Thus,
a group of weak learners combine and become a strong learner.
Under the Bagging/ Bootstrap Aggregation, various subsets are
taken randomly from the training dataset. Thereafter, each subset
is given to train their decision tree [44]. The predictions made
from each model/decision tree are used for the final prediction
by the voting method. The purpose of choosing high-variance
base learners (usually deep, unpruned trees) in practice is to
maximize the benefit of averaging them. Thus training a bagged
trees involves three primary steps i.e., i) bootstrap sampling, ii)
tree induction which includes that on each bootstrap sample, a
decision tree has to be trained by growing each tree to its full
depth without pruning because deep trees have a high variance
that the ensemble can average out and iii) aggregation, which is
done for making a prediction on a new data by aggregating the
outputs by majority vote to make the final prediction.

Training
Input Dataset

Subset 1 Subset 2 Subset 3 Subset n l
— BN v v
Model 1 Model 2 Model 3 Model n
Prediction 1 Prediction 2 Prediction 3 Prediction n l
v v
4
Voting
Final
Prediction

Fig. 4. Flowchart of ensemble bagged tree algorithm.

Overfitting issues can be effectively avoided when this method
is used. The complete process of ensemble learning (bagged trees)
algorithm is depicted in Fig. 4. As each tree grows independently,
training is parallelized and thus the computation speed also
accelerates. Bagging is typically robust to noise and outliers
because these errors are averaged out. However, due to working
of multiple trees, ensemble’s logic is hard to deduce unlike single
trees.

3. SYSTEM MODELLING

The PV system has been modeled by simulating a nine-panel
system arranged in 3 rows and 3 columns. The total power rating of
the system is 2kW. Two identical PV system sub-models have been
created in the MATLAB-Simulink environment, where the first
sub-system represents the physical PV system under non-ideal and
shaded conditions in different panels, while the second sub-system
represents the ideal, non-shaded system. For increasing the output
voltage level of the PV system module, a DC-DC boost converter
has been used. To extract the system’s maximum power under
varying atmospheric conditions, the Perturb and Observe algorithm
[45] has been implemented in the model. The schematic diagram
of the modeled system is shown in Fig. 5.

» To switch

>

SJ‘ To Load

- from MPPT =

Fig. 5. Schematic diagram of modeled PV system.

The power outputs from each panel of both the sub-modules are
measured. The modeled PV system is simulated with a temperature
variation from 25°C to 55°C and an irradiance range from 25 to
1000W/m?. For simplification, the shading scenario is modeled by
assuming uniform shading across the entire panel. Table 1 presents
the PV system parameters used for system modeling.

Table 1. PV system parameters.

System parameters Values
Panel voltage at maximum power point (in Volts) for STC 29
(1000 W/m? irradiance and 25°C temperature)

Open circuit panel voltage (in Volts) for STC 36.3
Panel current at maximum power point (in Amperes) for STC 7.35
Short circuit panel current (in Amperes) for STC 7.84
Diode ideality factor 0.98117
Cells per module 60

3.1. Process 1: Identification of the highest shaded panel

Various shading scenarios can occur in PV panels, ranging
from shading of a single panel to multiple panels simultaneously.
For maintenance purposes, priority should be given to the panel
experiencing the highest shading. The methodology for identifying
and addressing such cases is outlined here. The voltage and current
outputs of each panel are measured. The product of voltage and
current, i.e., the power obtained from each panel, is measured
from both the sub-models. For dataset generation, the predictors
considered are mentioned in Table 2. To identify the highest shaded
panel, simulation has been done by considering three different
cases for every individual panel, i.e.,

1) when only one panel is shaded,

2) when two panels are shaded with different shading severity ,

and

3) when three panels are shaded with different shading severity.

This process can be extended by taking more than three panels
as well, but in this paper, we have limited the study by taking
the shading effect up to three different panels at different shading
severity and identifying the panel with the highest shading. Based
on the given predictors, nine labels are defined: Label 1 indicates
that the first panel has the highest shading, Label 2 indicates that
the second panel has the highest shading, and so on, up to Label
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9 for the ninth panel. The details of the dataset are given in Table
3, mentioning the definition of each Label and the dataset size for
each panel.

Table 2. Predictors for determining the panel having the highest shading
(process 1).

Table 6. Sample conditions considered for identification of highest shaded
panel.

Shading level of panels Label
Panel 1 — 90% shaded, other panels — unshaded

Panel 1 — 90% shaded, panel 2 — 50% shaded, panel 4 — 20% shaded
Panel 1 — 90% shaded, panel 4 — 50% shaded

Panel 1 — 90% shaded, panel 4 — 50% shaded, panel 8 — 20% shaded
Panel 2 — 90% shaded, other panels — unshaded

BB D1 M= — = —

S. No. Predictors for machine learning algorithm Panel 2 — 90% shaded, panel 3 — 50% shaded
1 Irradiance Panel 2 — 90% shaded, panel 4 — 50% shaded
2 Temperature Panel 2 — 90% shaded, panel 4 — 50% shaded, panel 7 — 20% shaded
3 Power outputs of panels 1 to 9 in sub-model 1 subjected to shading effects (9 predictors) Panel 2 — 90% shaded, panel 3 — 50% shaded, panel 4 — 20% shaded
4 Power outputs of panels 1 to 9 in sub-model 2 without shading effects (9 predictors)
5 Relative error of power outputs of sub-model 1 and sub-model 2 (9 predictors)
6 Maximum difference of relative error between sub-model 1 and sub-model 2
7 Lowest recorded power output among panels 1 to 9 subjected to partial shading

Table 3. Dataset label description for processl (identification of highest
shaded panel).

S. No. Label Label description Sample size
1 “1” Panel 1 is highest shaded 1340
2 “2” Panel 2 is highest shaded 1400
3 “3” Panel 3 is highest shaded 1384
4 “4” Panel 4 is highest shaded 1358
5 “5” Panel 5 is highest shaded 1316
6 “6” Panel 6 is highest shaded 1391
7 “17° Panel 7 is highest shaded 1341
8 “8” Panel 8 is highest shaded 1382
9 “9” Panel 9 is highest shaded 1394

3.2. Process 2: Level of shading

It is important to know the extent of shading of PV panels
to assess the severity of the situation and plan maintenance
accordingly. Therefore, a study was conducted using the same
Simulink model, focusing on Panel 1 for analysis. The same
methodology can be applied to analyze the extent of shading for
all other panels. In this case, the panel is subjected to different
shading levels from 0% to 100% by changing the irradiance
value. The power output of each panel in sub-model 1 and
sub-model 2 is recorded for temperature variations between 15°C
and 50°C and irradiance levels ranging from 25 to 1000 W/m?.
The collected data is subsequently used as input for a machine
learning algorithm. The predictors used for the machine learning
algorithm are mentioned in Table 4. The labeling for shading level
identification is defined in Table 5, where each label corresponds
to a specific percentage range of shading. Label 1 represents
high shading (66-100%), Label 2 represents medium shading
(34-65%), and Label 3 represents low shading (0-33%), relative
to non-shaded panels.

Table 4. Predictors for determining the shading level of panels.

S. No. Predictors for machine learning algorithm
1 Irradiance
2 Temperature
3 Power output from panel 1 to 9 in sub-model 1 (with shading effect)
4 Power output from panel 1 to 9 in sub-model 2 (without shading effect)

Table 5. Dataset description for determination of level of shading.

S. No. Label Label description Sample size
1 “1” High shading (66—100%) 2706
2 “2” Medium shading (34-65%) 2677
3 “3” Low shading (0-33%) 2454
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Fig. 6. Shading patterns when multiple panels having unbalanced shading:
a) Cases when panel 1 is highest shaded, b) Cases when panel 2 is highest
shaded.
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Fig. 7. Confusion matrix for identification of highest shaded panel using
ensemble bagged trees algorithm..

3.3. Identification of highest shaded panel

To identify the highest shaded panel, simulation has been carried
out in MATLAB-Simulink environment for dataset generation, and
the dataset is thereby used for training and testing of different
machine learning algorithms. A total of 12,306 samples have been
used as datasets for identifying the panel most affected panel by
shading. The conditions considered for this study when panels
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Table 7. Precision, recall and F1 Score of each label for identification of the highest shaded panel.

Label No. True positive  False positive  False negative  Precision (%) Recall (%) F1 score (%)

1 1200 151 140 88.8 89.6 89.2

2 1241 169 159 88.0 88.6 88.3

3 1230 147 154 89.3 88.9 89.1

4 1267 100 91 92.7 93.3 93.0

5 1164 143 152 89.1 88.4 88.7

6 1244 135 147 90.2 89.4 89.8

7 1246 93 95 93.1 92.9 93.0

8 1240 154 142 89.0 89.7 89.3

9 1239 142 154 89.7 88.9 89.3

Table 8. Performance indices for no, low, medium and high shading levels.
Condition Rated power (W) Vm (V) Im (A) Voc (V) Isc (A) GMPP (W) % Power output Mismatch loss (%) Efficiency (%)

No shading 213.15 89.50 21.184 108.14 23.56 1895.98 98.83 1.16 13.00
Low shading 213.15 85.919 21.660 108.14 23.56 1861.10 97.01 2.98 12.91
Medium shading 213.15 88.366 18.135 108.19 23.56 1602.55 83.53 16.46 11.64
High shading 213.15 85.669 15.551 108.13 23.56 1332.32 69.45 30.54 10.15

Table 9. Precision, recall and F1 score of each label for determination of level of shading.

Label No. True positive  False positive  False negative  Precision (%) Recall (%) F1 score (%)

1 2594 208 114 92.6 95.8 94.2
2 2390 217 290 91.7 89.2 90.4
3 2349 84 106 96.5 95.7 96.1

Table 10. Comparative study: Highest shading detection using different classification learner algorithms.

S. No. Classification learner Accuracy (%)  Average precision (%) Average recall (%) F1 score (%)
1 Ensemble bagged tree 90.0 89.99 89.97 89.97
2 Ensemble boosted trees 76.8 76.77 78.64 77.70
3 Ensemble subspace discriminant 63.1 63.20 67.61 65.33
4 Ensemble subspace KNN 65.4 65.45 65.40 65.42
5 Fine tree 77.6 77.63 77.92 77.78
6 Quadratic discriminant 84.3 84.45 86.35 85.39
7 Kernel naive bayes 71.8 71.91 72.79 72.34
8 Quadratic space vector machine 85.9 85.91 86.12 86.01
9 Weighted KNN 59.7 59.73 59.84 59.79
10 Artificial neural network (ANN) 89.6 89.64 89.63 89.64
11 Logistic regression kernel 58.5 58.52 58.44 58.48
2000 . PV Curves for different shading level . Level of shading - Ensemble Bagged Trees
No shading P

L Low shading
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Fig. 8. Shading patterns when a panel receives different level of shading.
Fig. 9. Confusion matrix for determination of level of shading using
ensemble bagged trees algorithm.

1 and 2 have received highest shading has been elaborated in
Table 6 where the Labels mentioned have been defined in Table
3. Figs. 6-(a) and 6-(b) show the PV curve patterns for three shading, and (iii) Panels 1 and 4 are shaded, with Panel 1 being
cases. In Fig. 6-(a): (i) only Panel 1 is shaded, (ii) Panels 1 the most shaded panel. Similarly, in Fig. 6-(b), three PV curve
and 4 are shaded, with Panel 1 having a higher level of partial patterns represent the following cases: (i) only Panel 2 is shaded,



Journal of Operation and Automation in Power Engineering, Vol. , No. X, XXXX (Proofed)

Table 11. Comparative study: level of shading identification using different classification learner algorithms.

S. No. Classification learner Accuracy (%)  Average precision (%) Average recall (%) F1 score (%)
1 Ensemble bagged tree 93.5 93.60 93.57 93.57
2 Ensemble boosted trees 78.8 78.95 79.27 78.99
3 Ensemble subspace discriminant 61.8 61.69 68.26 62.68
4 Ensemble subspace KNN 79.0 79.15 79.06 79.10
5 Fine tree 86.6 86.68 86.46 86.49
6 Quadratic discriminant 475 47.61 65.09 41.88
7 Kernel naive bayes 51.3 51.95 48.08 42.40
8 Quadratic space vector machine 82.3 82.56 82.53 82.22
9 Weighted KNN 79.1 79.22 79.21 79.21
10 Artificial neural network (ANN) 90.1 90.20 90.23 90.16
11 Logistic regression kernel 73.5 73.73 73.57 73.63

(i) Panels 2 and 4 are shaded, with Panel 2 having a higher
level of partial shading, and (iii) Panels 2, 4, and 7 are shaded,
with Panel 2 being the most shaded panel. Similar graphs can be
plotted for other panels as well. The PV curves in Fig. 6 illustrate
that under non-uniform shading across different panels in a PV
array, identifying the most severely affected panel using the PV
curve alone is challenging, as the resulting waveforms for such
cases are similar in nature. This complexity increases further as
the number of shaded panels increases. Thus, for the identification
of the most severely panel affected from partial shading when the
shading pattern is imbalanced has been found out using ensemble
learning algorithm and Fig. 7 shows the confusion matrix obtained
while using ensemble bagged trees algorithm’s where the classes
represent the labels, as mentioned in Table 3.

The results from the confusion matrix shows that the ensemble
bagged tree algorithm can identify the highest shaded panel with
an accuracy of 90.0%. It can also be observed from the confusion
matrix that the mis-classifications in the system are mainly within
the panels of the same string.

The performance of the learner is further analyzed based on
different performance indices which can be defined as mentioned
below:

o C(lassification Accuracy: It can be defined as the ratio of
number of correct predictions to overall number of input samples
[46]. It can be calculated using the following expression:

Classification Accuracy =
True Positives+True Negatives (1)
True Positives+False Positives+False Negatives+True Negatives

e Precision: It is the ratio of all the correctly predicted actual
true samples to all samples which have been classified as true. It’s
expression is given as [47]:

True Positives

(@)

Precision = — o
True Positives + False Positives
e Recall: It is the ratio of all the true positive sample predictions
to all the actual positive instances in the total dataset. It can be
given as [47]:

True Positives
Recall = 3
eca True Positives + False Negatives )

o F score: This is the harmonic mean of precision and recall
and can be mathematically gives as:

Precision * Recall
F =2 4
Score * Precision + Recall )

The measured values for the above-said parameters are
mentioned in Table 7. The performance of a classification model
should be evaluated not only by accuracy but also by precision,
recall, and F1 score. Values between 80% and 100% for these

metrics indicate excellent performance of the algorithm [48].
Hence it can be observed from Table 7 that the performance
matrices of ensemble bagged trees algorithm for identifying the
highest shaded panel is lying in the 80-100% range depicting an
excellent performance of the algorithm.

3.4. Identification of shading level

In process 2, simulation was done to identify the level of
shading for three different categories, which are also termed as
low (0-33%) identified as class-3, medium (34-65%) identified
as class- 2 and high shading (66-100%) identified as class-1 in
the confusion matrix. Fig. 8 shows the shading pattern obtained
for panel 1 when encountered by different shading levels i.e.
low, medium or high as defined . Similar shading patters can
be obtained for other panels as well. The PV curves in Fig.
8 clearly indicate that, compared to normal operation without
shading, the power output decreases under shading and declines
further to significantly lower values as shading intensity increases.
This analysis is crucial for determining maintenance schedules, and
prompt action is required for panels exhibiting high shading levels
. Fig. 9 shows the output represented by the confusion matrix
obtained using ensemble bagged trees algorithm. The accuracy
obtained for shading percentage identification through this process
is 93.5%.

Furthermore, an analysis has been done regarding the impact
of level of shading on the performance of the PV panels by
computing the output power, power loss and fill factor for different
shading levels. These values can be calculated using the given
formulas [21]:

Global maximum power point (GMPP): it is defined as the
product of maximum voltage and maximum current for entire PV
array.

Global maximum power point =V, * I, 5)

Output power (Fo.): It can be defined as the ratio of GMPP to
the product of PV panel power rating and number of panels in the
array.

Pout% =

GMPP =« 100 ©

PV panel powerrating*no. of panelsinthearray

Power loss: It is the subtraction of output power in percentage
from 100. It indicates the mismatch loss for the array.

Power Loss = 100 — Poy: (7

Fill Factor (FF): It can be defined as the ratio of product of
maximum voltage and maximum current to product of open circuit
voltage and short circuit current for the PV array.
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Fig. 10. (i-x) confusion matrices of 10 different classification algorithms
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Fig. 11. (i-x) Confusion matrices of 10 different classification algorithms
for identification of level of shading (i) Ensemble boosted trees (ii)
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tree (v) Kernel naive bayes (vi) Quadratic discriminant (vii) Weighted
KNN (viii) Neural network (ix) Quadratic SVM (x) Logistic regression
kernel.

In this study, the area of a single panel is 1.62m?.

Table 8 is generated from simulations where Panel 1 operates
either under normal conditions or with varying shading levels
i.e., low, medium, or high, as defined in Table 5. The values
presented in the table are based on specific shading, irradiance,
and temperature conditions. The same approach can be applied to
other environmental conditions. It can be deduced from Table 8
that as the shading level increases, the performance of the array
deteriorates.
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Table 9 mentions the metrics for precision, recall, and F1 score
calculated to obtain a greater insight for different labels obtained
using the ensemble bagged trees training algorithm. The percent
values of precision, recall and F1 score are lying between 80-100%
indicating excellent performance of the algorithm for identifying
the level of shading.

Furthermore, a comparative study was conducted to evaluate
the performance of the ensemble bagged trees algorithm against
ten other machine learning/classification algorithms using the same
input data. The results, presented in Table 10, show that the
ensemble bagged trees algorithm achieved the highest accuracy in
identifying both the most shaded panel and the level of shading.
The confusion matrices for the ten classification algorithms for
identification of highest shaded panel are mentioned in Fig. 10.
The accuracy levels, average precision value, recall and F1 score
for eleven classification learners are compared and mentioned in
Table 10. It can be observed that the values other performance
parameters in addition to accuracy, i.e., precision, recall and F1
score is also highest in case of ensemble bagged trees algorithm
as compared to other machine learning methods. However, the
neural network also demonstrated good performance, achieving an
accuracy of 89.6% and precision, recall, and F1 score values of
89.64%, 89.63%, and 89.64%, respectively. A comparative study
to identify the level of shading has been carried out for 11
different classification algorithms, including the ensemble bagged
trees algorithm, as shown in Table 11. The confusion matrices
for these algorithms are depicted in Fig. 11, and the values of
accuracy, precision, recall, and F-1 score are calculated through
these confusion matrices and have been summarized in Table 11.
For identification of the level of shading, the ensemble bagged
trees algorithm proves to be superior to the other MLTs with
93.5% accuracy, 93.6% precision value, 93.57% recall value, and
an F-1 score of 93.57%.

4. CONCLUSION

This paper presents a priority-based maintenance strategy for
solar panels affected by permanent shading by employing the
ensemble bagged trees algorithm for analysis and decision-making.
In this paper, the impact of shading on PV panels is illustrated
and a method is proposed to identify the highest shaded panel
and provide the level of shading of different panels due to
permanent shading or soil accumulation. It has been found
that among eleven different classification learner algorithms, the
ensemble bagged trees algorithm proves to be the most accurate
learner. The ensemble bagged trees algorithm can identify the
panel having the highest shading with 90.0% accuracy, whereas
the accuracy in identifying the level of shading is 93.5%, and
the supremacy of the algorithm compared to ten other machine
learning algorithms is also demonstrated in the paper. This
methodology can greatly improve the performance of the entire
system by timely supervision of panels requiring early monitoring
and pre-determination of faults due to the shading effect. The
precise information about the panels affected by shading, the level
of imbalance in terms of shading for different panels, as well as
the intensity of shading, is crucial and can be further utilized for
fault detection and its early mitigation, as if left unattended, partial
shading can deteriorate the performance of the system, reduce the
power output, and lead to the generation of hotspots. Thus, this
ideology can be implemented by making a simulation model of
an ideal system and comparing it with the physical PV system.
While the proposed methodology is effective for identification and
localization of shading effects, the challenge remains in real-time
implementation with dynamic environmental scenarios. Also, as the
mentioned work proposes that power sensors should be deployed
across each panel, this can substantially increase the capital
expenditure of the system. Nevertheless, over time, this expense
might be compensated for by lower maintenance costs, longer
system lifespan, early fault detection, and decreased energy losses.

To calculate the return on investment and support the viability of
this strategy, a thorough techno-economic analysis is necessary.
Future research could explore the integration of forecasting models
that utilize environmental conditions and solar irradiance data to
predict potential shading patterns in advance. Additionally, other
fault scenarios may be included in the system to investigate the
applicability of the mentioned technique for precise identification
and localization of faulty panels.
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