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Abstract—The reliability of photovoltaic systems is dependent
on effective fault detection and diagnosis, which are essential
to maintain performance, efficiency, and operational safety.
Traditional diagnosis methods can achieve good accuracy but
often lack interpretability, which limits their use in real-time
monitoring and decision-making. In this study, we propose
a framework called Rule-based Classification Fault Detection
and Diagnosis for Photovoltaic Systems (RCFDD-PVs). The
framework incorporates a rule-based classification approach
in which IF–THEN decision rules are intelligently generated
using Discrete Tuna Swarm Optimization. This hybrid white-box
approach ensures that diagnosis decisions are not only accurate
but also understandable, offering a clear alternative to black-
box models. The framework was validated on a dataset including
both normal and faulty PV operating states. Results show that
RCFDD-PVs achieved 99% accuracy and a weighted F1-score
of 0.99, using only nine rules with four antecedents to achieve
complete dataset coverage. The generated rules are concise and
interpretable, making them practical for integration into PV
monitoring systems.

Index Terms—Photovoltaic systems, Fault Detection and Di-
agnosis, Rule-based Classification Fault Detection and Diagnosis
for Photovoltaic Systems, Discrete Tuna Swarm Optimization,
Explainable Artificial Intelligence.

I. INTRODUCTION

Photovoltaic systems (PVs) represent one of the most widely
adopted renewable energy technologies. They operate without
fuel consumption and produce no carbon emissions. Their
flexibility has positioned them as a preferred solution for
electricity generation, ranging from small residential instal-
lations to large-scale solar power plants [1]. Faults such as
potential-induced degradation, microcracks, delamination, and
electrical contact deterioration can significantly reduce energy
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yield and increase maintenance costs [2], [3]. However, to
ensure sustained performance and operational reliability, these
systems require robust fault detection and diagnosis (FDD)
mechanisms [4], [5].

Conventional diagnostic techniques, such as electrical mea-
surements, infrared thermography, and thermal imaging, have
long been used to detect early faults in PVs. While effective
in certain cases, these methods are often limited by high costs,
slow response, and poor scalability. As photovoltaic (PV) de-
ployment grows, the need for automated, accurate, and reliable
diagnostic tools has become more pressing. In this context,
machine learning (ML) has emerged as a powerful alternative.
By analyzing PV datasets, ML models can classify operating
states, distinguish between normal and faulty conditions, and
achieve higher accuracy with minimal human intervention,
thereby overcoming many of the shortcomings of traditional
approaches [3], [6]. Despite these advantages, many ML-based
diagnosis models rely on black-box methods, such as neural
networks or ensemble techniques. Although these models often
deliver high accuracy, they provide little insight into the
reasoning behind their predictions. This lack of interpretability
reduces user trust and complicates the adoption of such models
in safety-critical applications like PV monitoring [7]–[13]. In
addition, they require large, high-quality datasets, intensive
computation, and careful parameter tuning, which limit their
deployment in real-world PV monitoring [14], [15]. This
is the reason why there is an increasing interest in white-
box methods, which provide both accuracy and transparency.
Rule-based Classification (RC) is especially suitable for PV
diagnosis, as explicit IF–THEN rules can be easily understood,
verified, and deployed [16], [17]. At the same time, the
growing application of artificial intelligence (AI) in energy
management highlights the importance of explainable AI
(XAI), particularly in safety-critical domains such as PVs [18].
Researchers increasingly advocate for interpretable machine
learning frameworks that allow decision-makers and operators
to better understand and trust AI outputs [19].

This combination of interpretability and reliability makes
rule-based white-box models a promising direction for advanc-
ing FDD in PVs. Building on this motivation, this work intro-
duces the RCFDD-PVs framework. The method integrates RC
with DTSO to generate compact, interpretable, and accurate
rules from solar datasets. In this way, the framework balances
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diagnostic precision with transparency, making it both effec-
tive and practical for PV fault detection and monitoring.

The main contributions of this paper are summarized as
follows:

• Development of a white-box framework for fault detec-
tion and diagnosis in PVs.

• Integration of rule-based classification with Discrete Tuna
Swarm Optimization to generate compact and inter-
pretable IF–THEN rules.

• Achievement of high diagnostic performance with a small
rule base, thereby preserving both accuracy and trans-
parency.

• Provision of a practical and deployable diagnostic ap-
proach for PV monitoring and operational decision sup-
port.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work. Section III summarizes the back-
ground concepts. Section IV presents the proposed approach.
Section V defines the evaluation metrics. Section VI reports
the experimental results. Section VII discusses the comparative
analysis and computational complexity. Finally, Section VIII
concludes the paper.

II. RELATED WORK

A. Traditional Statistical Approaches for Photovoltaic Fault
Detection and Diagnosis

Early methods of Photovoltaic Fault Detection and Diag-
nosis (PV-FDD) are founded on classical statistical methods.
These methods consider the electrical output of PVs as a time-
varying process and detect faults by observing variations in
behavior. This has been particularly significant in time-series
models. Predicting the power output of PVs and detecting
unnatural variations in the forecasted profile are common
efforts, typically done using approaches like ARIMA, ARMA,
and ARMAX. Relative analysis reveals that forecasting with
ARIMA can perform better than simple models by more than
50% and is a useful method for detecting early anomalies
[20]–[22]. Linear and logistic regression-based methods have
also been used to model statistical correlations between PV
variables, as well as to identify normal and faulty operational
states. Moreover, descriptive statistical analysis—based on
measures such as mean, median, and standard deviation, or
tools like boxplots and histograms—helps identify anomalies
by summarizing data patterns [23].

However, despite their usefulness, these traditional methods
have significant limitations. They are typically most successful
in linear or weakly nonlinear systems, but real PV systems
tend to exhibit strongly nonlinear behavior, particularly when
environmental conditions change. Moreover, they normally
require large amounts of manual modeling and have little
robustness in large-scale or highly variable PV plants.

B. Machine Learning for PV-FDD
PV-FDD has benefited greatly from ML, which allows mod-

els to learn from historical and real-time data. The common
use of ML techniques nowadays predicts PV output, system
performance, and fault detection prior to significant power
losses [24].

1) Classical ML Algorithms: Support Vector Machines
(SVM), Random Forests (RF), and ensemble-based models
represent some of the most effective approaches to PV diag-
nosis in various configurations [21], [24]. These methods assist
in minimizing bias and variance by merging several predictors,
enhancing reliability. Classical ML models are particularly
useful in identifying early abnormalities in system functioning,
which can result in substantial savings in maintenance costs
and system downtime [24].

2) Deep Learning Approaches: Deep learning (DL) builds
on the benefits of classical ML by implementing multi-layer
neural networks that automatically extract high-level features
from raw inputs, such as electrical measurements and images
[25]. These approaches are particularly effective with complex,
high-dimensional, and nonlinear PV datasets.

C. Black-box Models for PV-FDD

Another significant paradigm in PV-FDD is black-box
machine learning models. Methods such as artificial neural
networks (ANNs) [26], DL models like convolutional neural
networks (CNNs) [25] and long short-term memory networks
(LSTMs) [27], in addition to SVM and ensemble algorithms
like gradient boosting, are appreciated because they can di-
rectly learn complicated, nonlinear relationships between data.
Unlike conventional methods, they are not detailed physical
models of PVs. They automatically uncover diagnostic pat-
terns from extensive datasets and are very effective in detecting
faults in contemporary PVs [28].

These models, though highly predictive, have a serious
drawback: a lack of interpretability. As black boxes, system
operators find it hard to understand the logic behind predic-
tions. This limitation may impede their application in real-
world PV diagnosis, where both accuracy and transparency
are crucial.

D. White-Box Models for PV-FDD

White-box methods allow verification of the reasoning be-
hind every diagnostic decision, which is vital for developing
trust and reliability in safety-critical PV applications.

Some of the most popular white-box techniques include
Decision Trees (DTs), which run as structured flowcharts
where nodes test PV parameters and edges represent branches.
Their transparent structure allows users to follow the logic
precisely to arrive at a classification. In PV fault detection, DTs
have demonstrated good performance, with accuracy reported
up to 98%. Another common white-box model is the K-
Nearest Neighbors (KNN) classifier. This method compares
a new instance to the most similar cases in the training data.
KNN involves no complex training phase, is easy to use, and
can be easily scaled to other datasets. Studies report PV fault
detection accuracy levels of up to 99% [29].

Fuzzy logic methods, beyond these classical interpretable
models, have been central to PV-FDD because of their trans-
parent, rule-based reasoning. Fuzzy Logic Systems (FLS) are
prevalent in PV control and fault diagnosis, particularly in
Maximum Power Point Tracking (MPPT), where adaptive
fuzzy controllers have been shown to perform better than
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traditional Proportional-Integral (PI) controllers by converg-
ing faster, achieving higher tracking precision, and reducing
oscillations. Reports indicate that adaptive fuzzy control can
enhance PV output power by approximately 20% compared to
traditional fuzzy controllers [30].

In diagnostic tasks, Type-1 FLS rely on human-interpretable
IF–THEN rules to identify operating conditions based on
variables including Direct Current (DC) voltage, current and
irradiance [31]. Type-2 FLS extend these systems by adding
an additional level of uncertainty modeling to better adapt to
changing environmental conditions. Studies report that Type-2
FLS can match or outperform ANNs in fault detection in some
scenarios [32], [33], and hybrid Type-2 schemes combined
with optimization algorithms have also been explored [33].

Although white-box and fuzzy models are interpretable
and have good diagnostic characteristics, they face scaling
challenges in large-scale or real-time PV monitoring. They
do not always provide efficient computation for high-volume
or high-dimensional data streams, limiting their applicability
in very large PV plants.

This demonstrates a challenge inherent in existing PV-FDD
methods: traditional statistical and fuzzy methods are difficult
to scale to complex systems, black-box ML models are diffi-
cult to interpret, and current white-box methods tend to lose
accuracy under dynamically changing operating conditions.
Our new hybrid framework, termed RCFDD-PVs, overcomes
these limitations by integrating RC with DTSO. This combined
approach generates compact, human-understandable IF–THEN
rules while improving diagnostic accuracy, providing a scal-
able, interpretable, and high-performing solution for PV-FDD.

III. BACKGROUND

A. Rule-Based Classification

A rule-based classifier consists of a set of IF–THEN rules
that have been generated algorithmically from the training
dataset. Each rule consists of two primary components: the
antecedent and the consequent. The antecedent determines the
conditions in which the rule is applicable and is composed
of one or more terms. Each term has a variable, a relational
operator, and an associated value. When multiple terms are
found in the antecedent, they are typically combined using
the logical operator AND. The consequent specifies the class
label assigned when all the antecedent conditions are satisfied.
These generic classification rules have the following key
elements, as depicted in Figure 1. The rules are designed
by system operators or generated by analysis of the training
dataset, with each rule consisting of one or more antecedent
conditions that result in a particular classification outcome
[34].

B. Human-Readable Rules

The use of decision rules in practical situations must be
comprehensible to expert operators. One refinement is to
re-establish the semantic clarity of the rules, making them
easier for experts to examine and use for decision-making
[35]. However, in high-dimensional feature spaces and big
data settings, generating rules may be complex and may lead

to overfitting and duplication. To address this, rule sets are
simplified using simplification techniques. The goals are to
maintain interpretability and predictive performance and to
eliminate redundant or unnecessary elements [36].

C. Entropy-Based Discretization

Entropy-Based Discretization (EBD) is a data preprocessing
method that converts continuous data into discrete values
while preserving information important for solving classifi-
cation problems. It applies Shannon entropy to measure the
homogeneity of classes following a candidate split point T .

The conditional entropy of a dataset S resulting from
partitioning based on feature F at level T is:

E(F, T ;S) =
|S1|
|S|
· Ent(S1) +

|S2|
|S|
· Ent(S2) (1)

where S1 and S2 are subsets generated by splitting the dataset.
The entropy of each subset Si is:

Ent(Si) = −
Z∑

j=1

p(Cj , Si) · log2 (p(Cj , Si)) (2)

where p(Cj , Si) is the proportion of samples in class Cj , and
Z is the total number of classes.

Information gain is defined as:

Gain(T ) = Ent(S)− E(F, T ;S) (3)

This recursive process continues until the gain is statistically
significant, resulting in optimized discretization that improves
accuracy, interpretability, and the performance of supervised
models [37]. Figure 2 shows the EBD process flowchart, in
which the dataset is divided according to entropy minimiza-
tion.

D. Discrete Tuna Swarm Optimization

1) Fundamentals of Tuna Swarm Optimization: Tuna
Swarm Optimization (TSO) is a nature-inspired metaheuristic
algorithm modeled after the cooperative hunting behaviors
of tuna species (genus Thunnini). Tuna exhibit spiral and
parabolic hunting formations. Each individual in the popula-
tion represents a candidate solution, initialized as:

Xint
i = lb+ rand · (ub− lb), i = 1, 2, 3, . . . , NP (4)

where Xint
i denotes the initial position of the ith individual,

(ub, lb) are the upper and lower bounds, rand ∈ [0, 1], and
NP is the population size.

2) Foraging Phases in TSO: Spiral Foraging: Spiral for-
mation is modeled by:

Xt+1
i =



α1 · (Xt
rand + β · |Xt

rand −Xt
i |)

+α2 ·Xt
i , i = 1

α1 · (Xt
rand + β · |Xt

rand −Xt
i |)

+α2 ·Xt
i−1, i = 2, . . . , NP

(5)

if rand < t
tmax

.
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Antecedent Consequent

IF (PV Parameter 1 satisfies Condition 1) AND IF (PV Parameter 2 satisfies Condition 2) AND..THEN CLASS = [System Status = Fault / normal]

Term Attribute label Relational Operator

Fig. 1. The structure of a generic classification rule.
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Sort Feature
Values

Computing class
Entropy

Evaluate each
Candidate Split point

Select split point

Select split point with minimal
entropy

Form discrete intervals

Discrete features

YES

NO

Fig. 2. The flowchart of the entropy-based discretization process.

Also,

Xt+1
i =


α1 · (Xt

best + β · |Xt
best −Xt

i |)
+ α2 ·Xt

i ,
i = 1

α1 · (Xt
best + β · |Xt

best −Xt
i |)

+ α2 ·Xt
i−1,

i = 2, . . . , NP

(6)
if rand ≥ t

tmax
. where:

• Xt
best: global best position.

• Xt
rand: random reference position.

• α1 = a+ (1− a) · t
tmax

controls attraction.
• α2 = (1− a)− (1− a) · t

tmax
controls inertia.

• β = ebl · cos(2πb) introduces oscillation.
• l = e3 cos(((tmax+

1
t )−1)π) modulates oscillation magni-

tude.
• b ∈ [0, 1] is random, and a is a tuning parameter.
3) Parabolic Foraging:

Xt+1
i =


Xt

best + rand · (Xt
best −Xt

i )

+ (TF · p2) · (Xt
best −Xt

i ),
rand < 0.5,

TF · p2 ·Xt
i , rand ≥ 0.5.

(7)
where TF ∈ {1,−1} and p = 1− t

tmax
.

4) Discrete Tuna Swarm Optimization: Discrete Tuna
Swarm Optimization (DTSO) adapts TSO for discrete opti-
mization by introducing discrete vector-based operators:

• Swapping: randomly swap a percentage of elements
within a solution vector.

• Fusion: stochastically mix elements between two solution
vectors.

• Crossover: create a new vector by combining parts of two
parents [38].

E. Sequential Covering Strategy

The Sequential Covering Strategy (SC) iteratively learns one
rule at a time. At each iteration, a rule is induced to cover a
subset of the training data, which is then added to the rule
base; covered examples are removed, and the process repeats
[39].

IV. PROPOSED APPROACH

A. Research Problem and Objective

The main objective of this work is to develop an accurate
and interpretable model for fault detection and diagnosis in
PV systems. Although many existing methods can detect
faults effectively, most of the strongest performers operate
as black boxes and provide limited insight into how diag-
nostic decisions are made. This lack of transparency makes
it difficult for engineers to trust, validate, and deploy such
models in real PV plants. The proposed approach, called
RCFDD-PVs, addresses this limitation by combining entropy-
based discretization, Sequential Covering (SC) and the DTSO
algorithm to generate compact IF–THEN rules that describe
system behavior clearly and accurately.

B. Dataset

The dataset used in this study was obtained from Kaggle
and is based on simulations of a 250 kW PV power plant. It
contains both normal operating conditions and three fault cate-
gories, namely string faults, string-to-ground faults and string-
to-string faults. In total, the dataset includes 600 samples
described by 30 features derived from electrical and environ-
mental measurements, including DC current, voltage, power,
temperature and solar irradiance, together with statistical de-
scriptors such as the means, maxima, minima and variances
of string currents. Additional features (Range 1 to Range 4)
were computed from differences in current values measured
by ammeters. The most informative variables identified by
the feature-ranking analysis were Range 3, Range 4, Range 2
and Range 1. Temperature and irradiance ranged between 10–
35◦C and 100–1000 W/m2, fault resistances ranged from 1Ω
to 2000Ω and the simulated faults were introduced at 0.2 s
during a 0.4 s simulation window [40]. Table I summarizes the
class-wise distribution used for photovoltaic fault detection.
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TABLE I
CLASS-WISE DATA DISTRIBUTION FOR PV FAULT DETECTION

Description Record percentage Count Class

Fault-free system 16.97% 100 0
String fault 25.5% 153 1
String-to-ground fault 24.83% 149 2
String-to-string fault 33% 198 3

Irradiance

Solar panel

Temperature

Data collection

Converter
DC\DC

Inverter
DC\AC

Electrical
load

Ethernet

RCFDD-PVS

Data
Preprocessing

Generate Subsets

Test Train

Performance
Evaluation

Test the
Model Feshre Selection

Rule Induction
(SC- DTSO)

Discretization
(Entropy)

Rule Generation

!

Fig. 3. Global Structure of the Proposed RCFDD-PVs Framework.

C. Architecture of the RCFDD-PVs Framework

The proposed RCFDD-PVs framework is an efficient and
explainable ML-based diagnosis model that detects and clas-
sifies faults in PVs. The designed architecture of RCFDD-PVs
system is depicted in Figure 3. The process is composed of
several phases: data collection, preprocessing, feature selec-
tion, rule induction (SC-DTSO) and evaluation. Each compo-
nent plays a distinct role in enhancing diagnosis accuracy and
interpretability. The method is initialized by data collection
from simulated or real PVs during the presence of different
types of faults and normal states. Parameters such as voltage,
current, irradiance, and temperature are recorded to obtain
a full coverage of potential faults. Once the data has been
assembled, the preprocessing phase applies all necessary trans-
formations to make the data suitable for analysis. The selected
features are then used in the rule generation stage, where
a decision-tree-based learning algorithm extracts interpretable
classification rules from the training data. Then, the rules are
refined and accuracy is improved using rule induction (SC-
DTSO). The developed model is tested and evaluated against
unseen data in terms of accuracy and weighted F1-score. The
output of the RCFDD-PVs is an interpretable set of IF–THEN
rules for the diagnosis that describes how a set of PVs parame-
ters (faulty and normal) relates to a fault class. In other words,
which PV parameters are relevant and represent the fault class
under consideration. These rules indicate an explainable and
clear representation of the decision process, facilitating real-
time diagnosis applications. The following section provides a
complete explanation of the internal structure of the RCFDD-
PVs framework and how it generates rules.

D. Detailed Process of the RCFDD-PVs Framework

The RCFDD-PVs framework produces a set of human-
readable rules that describe operational conditions of the PVs.
The process consists of three main stages, ranging from data
preprocessing to rule generation.

1) Data Preprocessing and Feature Selection: The original
dataset was imported and analyzed using Python libraries
(Pandas, NumPy, Scikit-learn). Incomplete and/or duplicate
data points were excluded. Remaining data were transformed
into numerical format and extraneous columns deleted. Since
the approach is rule-based, an EBD algorithm transformed
continuous variables into categorical intervals. Each variable
was discretized into three ranges determined by threshold
values that minimized class entropy. Feature selection was then
performed based on importance scores derived from a decision
tree algorithm. Finally, the dataset was split into 80% training
and 20% testing subsets using train-test-split in Scikit-learn.

2) Rule Induction : The procedure of Rule Induction (SC-
DTSO) represents the most important part of the RCFDD-
PVs process. In particular, Steps 3 and 4 describe the rule
induction process in detail, explaining how classification rules
are progressively generated and optimized.The Sequential cov-
ering strategy algorithm serves as the main process guiding the
overall rule-learning procedure, working at a higher level to
discover a complete set of classification rules for each fault
type. Furthermore, the DTSO algorithm is employed as the
principal optimization tool, working inside the SC loop to
optimize individual rules. In other words, SC defines when and
where to create a new rule, while DTSO decides how to build
the best possible rule for the current class. This interaction
allows the RCFDD-PVs model to progressively construct a
compact and highly accurate rule base for PV fault diagnosis.

3) Sequential covering strategy : In this stage, the system
employs the SC for each class to iteratively learn classification
rules. Key steps:

1) Initialization: The rule base RS is initialized as empty.
Hyper parameters such as population size N and maxi-
mum iteration count tmax are defined.

2) class-dependent iteration: For each fault class Ci, the
algorithm isolates the subset of examples DCi .

3) Rule generation: A candidate rule is generated using the
DTSO optimizer (DTSO_LearnRule), which searches
for the rule that best describes DCi

with high accuracy
and coverage.

4) Rule evaluation and storage: Once validated, the rule is
added to the rule set:

RS ← RS ∪ {rule}.

5) Dataset reduction: The data samples covered by the
induced rule are removed from the class subset:

DCi
← DCi

\ {x ∈ DCi
| rule(x) = true}.

The process repeats with the remaining subset until
fewer than 90% of instances are uncovered.

6) Completion: After all classes have been processed, the
final rule base (RS) includes the complete set of op-
timized rules for the fault diagnosis model. The SC
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Algorithm 1: Sequential Covering Rule Induction
Input: Dataset D with classes {C1, C2, . . . , CK}
Output: Final rule set RS

1. Initialization
RS ← ∅ ← empty rule set
Define max iterationsTmax, population size N

2. For each class Ci ∈ {c1, c2, . . .}:
Extract subset: DCi

= all instances of class ci
while DCi

not empty & coverage (≥ 90% remaining) do
3. Learn one rule using DTSO:

rule← DTSO Learn Rule(Dci)
4. Add this rule to rule set:

RS ← RS ∪ {rule}
5. Remove all instances covered by the new rule from Sc

Continue until class subset nearly empty.
end while
6. Return the final rule set

return RS
RS ⊆ Rtotal

ensures that each rule makes a unique contribution to
the overall classification, avoiding redundancy and main-
taining interpretability. The SC strategy is summarized
in Algorithm 1.

4) Integration of DTSO within the SC strategy: At the
heart of SC, the Discrete Tuna Swarm Optimization algorithm
acts as the optimizer responsible for generating high-quality
rules. Each time DTSO is invoked, it fine-tunes a candidate
rule using swarm-based search strategies, ensuring the rule
covers the data effectively. By integrating DTSO within SC,
the RCFDD-PVs model combines broad coverage learning
with local rule refinement, producing a compact and easy-
to-understand diagnosis rule set. When the SC loop calls:
rule ← DTSOLearnRule, the DTSO procedure begins
a population-based search among potential rule structures
(encoded as discrete feature–value vectors). Each candidate
represents a possible IF–THEN rule of the form Vi:

Vi = IF {[A1 = a1] , [A2 = a1] , . . . , [Aj = aj ] ,

Then Class = c
(8)

where Aj represents a feature, aj is a discretized value (via
entropy-based binning), and c is the target class.

a) Discrete Operators: The DTSO employs the follow-
ing operators:

• Spiral Movement (⊛): Random Swap. Simulates explo-
ration through random permutations. A portion (ρ ×
length) of the rule vector is shuffled randomly during
this process.

V t+1
i = V t

i ⊛ λ (9)

• Parabolic Mixing (⊖): Bit-level Fusion. Emulates tuna’s
parabolic attack by combining segments of two rules.
The operator selects bits from both parents based on a
stochastic mask.

V t+1
i = V t

i ⊖ V t
j (10)

• Circular Exchange (⊕): Structured Crossover. Models
circular cooperation behavior. A one-point or uniform
crossover swaps rule segments between individuals.

V t+1
i = V t

i ⊕ V t
j (11)

The goal of DTSO is to optimize these candidate rules with
respect to rule coverage:

F (Vi) = Coverage (Xi) (12)

This fitness function ensures that rules are general. The
detailed procedure is outlined in Algorithm 2.

b) Within the DTSO core: Step 1: Initialization: Initialize
a population of tuna individuals, where each represents a
candidate rule set encoded as a discrete position vector. In
addition, set key control parameters, including the exploration–
exploitation balance coefficient, switching threshold and max-
imum iteration limit.

Step 2: Rule Vector Generation: Each individual’s position
vector is translated into a rule set by assigning discrete
feature value pairs that define the classification conditions.
This encoding ensures that only valid feature value combi-
nations are used, following the representation scheme shown
in Equation (4).

Step 3: Fitness Evaluation: The fitness of each individual is
evaluated using a composite objective function. This function
combines classification performance with rule compactness
and interpretability. The fitness function is often structured, as
shown in Equation (12). An adaptive time-varying component,
such as

l = e3 cos(((tmax+1/t)−1)π) (13)

Step 4: Iterative Optimization Loop: The following sub-
steps are repeated until the stopping criterion is satisfied:

• 4.1: The fitness of each individual is recomputed.
• 4.2: Identify the current global best rule set Xbest in the

population.
• 4.3: For each individual:

– 1. Update exploration–exploitation control parame-
ters, α1, α2 and probability p.

– 2. If rand < z, random exploration is applied using
Equation (4).

– 3. Else, perform either:rand ≥ z

∗ Exploratory update using operator ⊗ when rand
< tmax governed by:

Xt+1
i =



α1 ⊛
(
Xt

rand ⊕ β⊛∣∣Xt
rand ⊖Xt

i

∣∣)+ α2X
t
i ,

i = 1,

α1 ⊛
(
Xt

rand ⊕ β⊛∣∣Xt
rand ⊖Xt

i

∣∣)+ α2X
t
i−1,

i = 2, . . . , NP.

(14)

∗ Exploitation update (leader-following) if t/tmax ≥
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rand , guided by:

Xt+1
i =



α1 ⊛
(
Xt

best ⊕ β⊛∣∣Xt
best ⊖Xt

i

∣∣)⊕ α2X
t
i ,

i = 1,

α1 ⊛
(
Xt

best ⊕ β⊛∣∣Xt
best ⊖Xt

i

∣∣)⊕ α2X
t
i−1,

i = 2, . . . , NP.

(15)

Additionally, if rand ≥ 0.5, apply a convergence-
driven update:

Xt+1
i = Xt

best ⊕ rand ⊛
(
Xt

best ⊖Xt
i

)
⊕
(
TF · p2

)
⊛
(
Xt

best ⊖Xt
i

)
.

(16)

Step 5: Rule Reconstruction: Based on the updated posi-
tions, the rule vectors for each tuna fish are reconstructed. This
ensures that the new feature–value combinations represent
valid and meaningful rules.

Step 6: Rule Pruning: Rule pruning strategies are applied
to each updated rule set to remove redundant, irrelevant, or
low-information conditions. This enhances the simplicity and
generalizability of rules.

Step 7: Re-Evaluation: The fitness of the pruned and up-
dated rule vectors is recomputed using the same composite
objective function as in Step 3.

Step 8: Memory Update: For each individual, if the new
fitness is better than the previous best, update its personal best
position. In addition, the global best rule set is updated if a
superior solution is obtained.

Step 9: Iteration Update: Increment the iteration counter
t← t+ 1 and repeat the optimization process until t = tmax .

Step 10: Final Rule Set Extraction: Once the maximum
number of iterations is reached, return the global best rule
vector as the final output.

Finally, SC defines when and where to create a new rule,
while DTSO decides how to build the best possible rule
for the current class. This interaction allows the model to
progressively construct a compact and highly accurate rule
base for photovoltaic fault diagnosis.

E. Rule Generation Output

The final output of the RCFDD-PVs framework is a com-
prehensive rule-based classifier composed of interpretable IF–
THEN rules. Each rule captures the relationship between
selected PV parameters and a fault condition. For example:
Rule:

IFrange4 ∈ [0.0311,+∞[ ∧ range3 ∈]−∞,−0.0311]
∧ range2 ∈]0.0133, 0.1542[ ∧ I4 ∈]−∞, 5.4795]

THEN Class = 3.

V. EVALUATION METRICS

To evaluate performance, accuracy and weighted F1-score
were used. Accuracy:

Accuracy =
TP + TN

TP + TN + FP + FN
(17)

Algorithm 2: Discrete Tuna Swarm Optimization
1. Initialize the population of candidate solutions (rule sets) and set free
parameters a and z.
2. Generate an initial rule vector for each candidate by assigning feature
values (as per Eq. 4).
3. Evaluate each rule vector using the fitness function (Eq. 13).
4. Repeat the following steps until the maximum number of iterations
tmax is reached:

4.1. Recalculate fitness scores for the current population.
4.2. Identify and update the best-performing solution Xbest.
4.3. For each individual (tuna) in the population:

1. Update the control parameters α1, α2and p.
2. If a rand number < z:

Apply random exploration (based on Eq. 4).
3. Otherwise, if rand ≥ z:

If another rand < 0.5:
If rand < tmax, perform an exploratory update (⊛, Eq. 14).
Else, apply a leader-based update (⊖, Eq. 15).

Else (rand ≥ 0.5):
Execute an exploitation-based update (⊕, Eq. 16).

5. Update rule vectors based on the adjusted rule sets.
6. Simplify the rules by removing redundant or low-information condi-
tions.
7. Recalculate the fitness of each new rule vector.
8. Retain the improved solutions by updating Xbest when necessary.
9. Increment the iteration count.
10. Output the optimal rule vector Xbest and its corresponding fitness
value.

where TP is true positives, TN true negatives, FP false
positives, FN false negatives. F1-score:

F1 = 2 · Precision ·Recall

Precision+Recall
(18)

Weighted F1-score:

Weighted F1 =
C∑
i=1

wi · F1i, wi =
ni

N
(19)

where F1i is the F1-score of class i, ni is number of samples
in class i, N is total samples and C is number of classes. A
confusion matrix was examined for class dependent diagnosis
performance.

VI. RESULTS

A. Discretization and Feature Rankings

In order to make continuous variables easier to handle, the
data was discretized into clusters, or levels, and simplified
into three intervals. This step helped simplify the data, making
the generated rules more interpretable. The Table II contains
the thresholds that were applied for each feature. Figure 4
displays the results of the feature ranking analysis. With
the study ranking each feature’s influence according to their
scores, range 4, range 3, range 2 and I4 were among the most
influential. Their high frequency and repetition across the rules
demonstrate their importance in differentiating among fault
classes.

B. Rule Generation and Coverage Analysis

Using the RCFDD-PVs model, we extracted nine classifi-
cation rules that are easy to interpret and cover all four fault
classes. Together, these cover the entire dataset. As shown in
Table III, the rules form a compact and easily interpretable
structure while maintaining strong predictive performance.
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TABLE II
FEATURE DISCRETIZATION INTERVALS (AS PROVIDED)

Feature interval 1 ]−∞, Threshold 1] interval 2 ]Threshold 1, Threshold 2[ interval 3 [Threshold 2, ∞[
I1 ≤ 0.5493] ]0.5493, 5.3306[ [5.3306 ≥
I2 ≤ 0.6999] ]0.6999, 4.7657[ [4.7657 ≥
I1MAX ≤ 2.6962] ]2.6962, 2.7850[ [2.7850 ≥
I1MIN ≤ 0.5944] ]0.5944, 5.2983[ [5.2983 ≥
I1VAR ≤ 2.21e− 06] ]2.21e− 06, 1.57e− 05[ [1.57e− 05 ≥
I2MAX ≤ 2.7900] ]2.7900, 2.8112[ [2.8112 ≥
I2MIN ≤ 0.7198] ]0.7198, 4.7248[ [4.7248 ≥
I2VAR ≤ 3.10e− 06] ]3.10e− 06, 1.81e− 04[ [1.81e− 04 ≥
I3 ≤ 1.2763] ]1.2763, 5.6916[ [5.6916 ≥
I4 ≤ 5.4795] ]5.4795, 5.5427[ [5.5427 ≥
I3max ≤ 1.2954] ]1.2954, 5.7060[ [5.7060 ≥
I3min ≤ 2.7066] ]2.7066, 2.7434[ [2.7434 ≥
I3var ≤ 0.0002853] ]0.0002853, 0.0003940[ [0.0003940 ≥
I4MAX ≤ 2.6981] ]2.6981, 2.7867[ [2.7867 ≥
I4MIN ≤ 5.4701] ]5.4701, 5.5216[ [5.5216 ≥
I5 ≤ 2.6853] ]2.6853, 2.7460[ [2.7460 ≥
I6 ≤ 2.6853] ]2.6853, 2.7460[ [2.7460 ≥
Itotal1 ≤ 426.9594] ]426.9594, 426.9695[ [426.9695 ≥
Itotalmax1 ≤ 456.2216] ]456.2216, 456.4591[ [456.4591 ≥
Itotalmin1 ≤ 394.6606] ]394.6606, 394.6790[ [394.6790 ≥
Vdcmean1 ≤ 518.0960] ]518.0960, 518.1960[ [518.1960 ≥
Vdcmax1 ≤ 507.7869] ]507.7869, 517.1067[ [517.1067 ≥
Vdcmin1 ≤ 514.3181] ]514.3181, 517.6640[ [517.6640 ≥
Pdcmean1 ≤ 228.6653] ]228.6653, 229.6100[ [229.6100 ≥
IR ≤ 471.0] ]471.0, 484.0[ [484.0 ≥
T ≤ 13.5] ]13.5, 34.5[ [34.5 ≥
range 1 ≤ 0.0503] ]0.0503, 0.1358[ [0.1358 ≥
range 2 ≤ 0.0133] ]0.0133, 0.1542[ [0.1542 ≥
range 3 ≤ −0.0311] ]− 0.0311, 1.14e− 15[ [1.14e− 15 ≥
range 4 ≤ 6.66e− 16] ]6.66e− 16, 0.03105[ [0.03105 ≥

TABLE III
CLASSIFICATION RULES OF DISCRETIZED CONTINUOUS FEATURE VALUES AND PREDICTION OF TARGET CLASS

Rule No. IF (Discretized intervals) IF (Continuous intervals) THEN Class

1 range4=2, range3=0, range2=1, I4=0 IF range4 ∈ [0.0311,+∞[ AND range3 ∈] − ∞, 0.0311] AND range2 ∈
]0.0133, 0.1542[ AND I4 ∈]−∞, 5.4795]

3

2 range4=1, range3=2, range2=2, I4=0 IF range4 ∈]0.0000, 0.0311[ AND range3 ∈ [0.0000,+∞[ AND range2 ∈
[0.1542,+∞[ AND I4 ∈]−∞, 5.4795]

1

3 range4=0, range3=0, range2=1, I4=0 IF range4 ∈] − ∞, 0.0000] AND range3 ∈] − ∞, 0.0311] AND range2 ∈
]0.0133, 0.1542[ AND I4 ∈]−∞, 5.4795]

2

4 range4=0, range3=1, I1=1, I4=0 IF range4 ∈] − ∞, 0.0000] AND range3 ∈]0.0311, 0.0000[ AND I1 ∈
]0.5493, 5.3306[ AND I4 ∈]−∞, 5.4795]

0

5 range2=2, I1=1, I2MIN=1, I3=1 IF range2 ∈ [0.1542,+∞[ AND I1 ∈]0.5493, 5.3306[ AND I2MIN ∈
]0.7198, 4.7248[ AND I3 ∈]1.2763, 5.6916[

1

6 range4=0, range3=0, I1MAX=2, I3=1 IF range4 ∈] −∞, 0.0000] AND range3 ∈] −∞, 0.0311] AND I1MAX ∈
[2.7850,+∞[ AND I3 ∈]1.2763, 5.6916[

2

7 range4=0, range2=1, I1=2, I3=1 IF range4 ∈] − ∞, 0.0000] AND range2 ∈]0.0133, 0.1542[ AND I1 ∈
[5.3306,+∞[ AND I3 ∈]1.2763, 5.6916[

0

8 range3=0, I1MAX=0, I2MIN=1, I2VAR=1 IF range3 ∈] − ∞, 0.0311] AND I1MAX ∈] − ∞, 2.6962] AND I2MIN
∈]0.7198, 4.7248[ AND I2VAR ∈]0.0000, 0.0002[

3

9 range4=1, range2=2, I1MAX=2, I3=1 IF range4 ∈]0.0000, 0.0311[ AND range2 ∈ [0.1542,+∞[ AND I1MAX
∈ [2.7850,+∞[ AND I3 ∈]1.2763, 5.6916[

1

C. Rule Coverage Statistics

The statistics for individual rules and each class from the
coverage analysis have been summarized in Table IV. All rules
have an equal length of four conditions each and achieved a
high and similar accuracy along with an equal coverage for
each class. Additionally, the remaining instances represent the

samples that were not covered in each of the iterations.

D. Rule Coverage Analysis

The data represented in rule coverage histogram is a mea-
sure of rule coverage related to each fault class in the data
set which is shown in Figure 5. The coverage analysis shows
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TABLE IV
RULE COVERAGE AND ACCURACY STATISTICS (AS EXTRACTED TEXT)

Rule Target Acc(%) Len Coverage Total (class) Remaining

1 Class 3 97.47 4 193 198 5
2 Class 1 86.27 4 132 153 21
3 Class 2 89.26 4 133 149 16
4 Class 0 91.00 4 91 100 9
5 Class 1 11.11 4 17 153 4
6 Class 2 10.74 4 16 149 0
7 Class 0 9.00 4 9 100 0
8 Class 3 2.53 4 5 198 0
9 Class 1 2.61 4 4 153 0
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that each partition of the rule set assigned to each class
captures a significant majority of its corresponding instances,
with a negligible coverage for members in other classes. For
class 0, the main rule group covers 91 instances of the class
while 9 other instances fall in the coverage of secondary rule
assignments. Class 1 is represented by 132 instances that fall
in the coverage of the main rule and a small coverage of 17
and 4 instances to other rules. Class 2 also shows a good
consistency between the instances of the class and the rules
assigned, with 133 main rule instances and 16 other secondary
associations. Finally, class 3 achieves the highest level of
coverage, with 193 instances accurately captured and only 5
cases showing minor overlap. As seen in Figure 7, there is
a histogram providing more insight about the coverage and
precision of the rules that were extracted. From this histogram,
the first four rules clearly have high coverage (15% to 32%)
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and high precision at the same time, highlighting the most
important rules to find the primary patterns in the dataset.
On the contrary, Rules 5 to 9 have much lower coverage,
all of them are below 3%, reflecting their role as supporting
rules that handle less frequent patterns and cover remaining
instances. All of this goes to show that the rules optimized by
the DTSO are efficient and compact, as there are a few rules
that have high coverage that explain most of the data, while
the smaller rules ensure complete coverage without reducing
clarity. In addition, the class level coverage is illustrated in
Figure 6. Class 3 contains the highest representation (33%)
while class 1 follows (25.5%) along with class 2 (24.83%)
with class 0 covering 16.67%. These class proportions reflect
the original class distribution, demonstrating that the model
representation is unbiased across all fault types. Overall, the
generated rules offer complete coverage with respect to all
other classes balanced representation while confirming the
reliability in the RCFDD-PVs diagnosis framework.

E. Classification Performance

The dataset was tested using the RCFDD-PVs model, which
achieved an overall accuracy of 99%, along with a weighted
F1-score of 0.99. As seen in Figure 8, which illustrates
confusion matrix, the system achieves near-perfect classifica-
tion: classes 0, 1 and 3 were detected with 100% accuracy,
while class 2 showed only six misclassified instances. These
results show that the proposed method offers both outstanding
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TABLE V
COMPARATIVE PERFORMANCE OF RCFDD-PVS AND BENCHMARK

MODELS (AS IN DOCX TABLE)

Model CA(%) F1(%) Prec.(%) Rec.(%) Spec.(%) Rules

RCFDD-PVs 99 99 99 99 99.48 YES
AdaBoost 95 94.9 95.8 95 98.3 NO
Random Forest 81 80.6 83.4 81 93.7 NO
Lasso Regression 76 75.3 79.9 76 92 NO
Ridge Regression 71 69.4 73.3 71 90.3 NO
Naïve Bayes 60 58.9 58.4 60 86.7 NO
CN2 rule induction 50 48.5 51.8 50 83.3 YES

diagnosis capability, confirming its effectiveness for reliable
fault detection in PVs.

VII. DISCUSSION AND COMPARATIVE ANALYSIS

A comparative study was conducted against both statistical
learning models and rule-based alternatives. The benchmark
set included AdaBoost, Random Forest, Lasso Regression,
Ridge Regression, Naïve Bayes, and CN2 rule induction.
Table V summarizes the results and shows that RCFDD-PVs
offers the best overall balance between predictive performance
and interpretability.

A. Computational Complexity Analysis

Let Ns denote the number of training samples, m the num-
ber of selected features, R the number of induced rules, L the
maximum rule length, P the DTSO population size, and Tmax

the maximum number of iterations. For one SC call, evaluating
a population of candidate rules requires checking up to L
antecedents over the current uncovered subset, so the dominant
training cost is bounded by O(P Tmax Ns L) in the worst
case. Because sequential covering induces R rules, the overall
training cost can be upper-bounded by O(RP Tmax Ns L).
In contrast, prediction is inexpensive: each sample is tested
against at most R rules, each of length L, which yields a
per-sample inference cost of O(RL). In the present study,
R = 9 and L = 4, so inference requires at most 36 antecedent
evaluations per sample.
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Compared with the benchmark methods, Naïve Bayes has
roughly linear training complexity in the number of samples
and features, linear models such as Ridge and Lasso depend on
the number of optimization iterations. Ensemble methods such
as AdaBoost and Random Forest add the cost of repeatedly
constructing decision trees and evaluating splits, while CN2
may become expensive because the search space of candi-
date rule selectors grows combinatorially. Therefore, although
SC-DTSO performs an iterative metaheuristic search during
training, it preserves low-complexity inference and yields an
explicit rule base that is particularly attractive for interpretable
PV fault diagnosis.

B. Comparison with Benchmark Methods

As reported in Table V, RCFDD-PVs achieved 99% for
classification accuracy, F1-score, precision, and recall, together
with a specificity of 99.48%. AdaBoost provided the closest
competing performance, with 95% accuracy and a 94.9% F1-
score, but it remains a black-box ensemble method. Random
Forest reached 81% accuracy, while the linear baselines and
Naïve Bayes showed substantially lower performance. The
CN2 rule-based model also performed markedly worse, sug-
gesting that the proposed SC-DTSO optimization provides a
more effective rule-search mechanism for this PV dataset.

These results indicate that the proposed framework is not
only highly effective but also practically attractive because it
produces explicit and human-readable IF–THEN rules. Fig-
ure 9 provides a visual summary of the evaluation metrics
and highlights that RCFDD-PVs is the only tested model that
combines near-optimal predictive performance with full rule-
based interpretability.

VIII. CONCLUSION

This paper presented RCFDD-PVs, an interpretable frame-
work for photovoltaic fault detection and diagnosis that com-
bines entropy-based discretization, Sequential Covering and
Discrete Tuna Swarm Optimization. The method transforms
continuous variables into informative intervals and generates
compact IF–THEN rules capable of distinguishing normal and
faulty operating states in PV systems.

Validation on a four-class PV dataset showed that the
proposed framework achieved 99% accuracy and a weighted
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F1-score of 0.99 using only nine optimized rules. The compar-
ative analysis confirmed that RCFDD-PVs outperformed the
benchmark methods considered in this study while preserv-
ing the transparency of a white-box classifier. These results
demonstrate that the proposed framework can provide both
strong diagnostic reliability and clear decision support for PV
monitoring applications.

Future work will focus on validating the approach on real
field measurements, studying its robustness under broader
operating variability and extending the framework toward
online deployment for real-time PV monitoring and decision
support.
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