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ABSTRACT Reliable photovoltaic fault diagnosis depends on classifiers that maintain high accuracy
under varying environmental conditions while remaining suitable for lightweight implementation. This
study presents a one-dimensional convolutional neural network (1D-CNN) for six-class photovoltaic fault
detection using normalized electrical features and compares its performance with alternative methods
including a linear multiclass support vector machine, inverse-distance k-nearest neighbors, a compact
feedforward neural network and a wavelet-assisted decision tree. A photovoltaic array test system was
simulated using 39 months of irradiance and temperature data comprising 105,213 records. Six operating
states, namely normal operation, small line-to-line fault, large line-to-line fault, open-circuit fault, partial
shading and bypass-diode anomaly, were generated using 46,334 operating points obtained after daylight
filtering withG ≥ 80W/m2. To prevent data leakage, samples derived from the same irradiance–temperature
condition were assigned exclusively to a single subset among training, validation, or testing. The proposed
1D-CNN achieved an accuracy of 98.95% and a macro-F1 score of 98.95% on the held-out test set, with
a serialized model size of 0.162 MB. These results indicate that compact one-dimensional convolution can
effectively support the proposed weather-driven photovoltaic fault test system. However, validation using
measured field-fault data remains necessary before establishing long-term deployment viability.

INDEX TERMS Photovoltaic fault diagnosis, 1D-CNN, multiclass classification, wavelet features, deep
learning, renewable energy monitoring.

I. INTRODUCTION
The raising global demand for clean and sustainable energy
hasmade renewable energy a key part of the energy transition.
Among renewable energy technologies, solar photovoltaic
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(PV) generation has become one of the fastest-growing con-
tributors to new renewable power capacity worldwide [1], [2].
The growing penetration of PV systems has also increased
research on grid integration, maximum power point tracking
(MPPT), intelligent control and optimization of renewable
energy systems [3], [4], [5]. According to the International
Energy Agency (IEA), annual solar PV and wind capacity
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additions are projected to reach almost 710 GW by 2028,
with solar PV remaining the largest contributor to renewable
capacity growth [6]. Similarly, in the European Union, solar
accounted for about one-fifth of renewable electricity gen-
eration in 2022 and remained the fastest-growing renewable
electricity source [7]. Due to the continued expansion of PV
systems, long-term system reliability, safety and efficiency
have become significant priorities.

PV installations are exposed to many electrical, environ-
mental and degradation-related faults, including open-circuit
(OC) faults, line-to-line (LL) faults, partial shading, hot
spots, bypass-diode anomalies and mismatch conditions.
These faults can reduce energy production, accelerate module
aging, increase maintenance costs and add safety risks in
severe cases [8]. Recent PV fault-diagnosis studies also
classify faults by their evolution, such as intermittent, abrupt,
or incipient faults and show that these faults can happen
across PV modules, connection lines, converters, inverters
and grid-side components [9]. Electrical faults, particularly
LL faults, are important because they can cause voltage
collapse, current redistribution and abnormal mismatch
among strings. Besides, MPPT operation may reduce fault-
current levels, allowing some faults to remain hidden for
longer periods and making detection more difficult under
practical operating conditions [10]. Chronic operations such
as partial shading and bypass-diode anomalies are also
important because they may create mismatch losses and
distinct electrical or thermal behavior; for instance, bypass-
diode failure canmake reverse-current and local-heating risks
that differ from ordinary shading behavior [11].
Conventional PV fault-detection methods, including visual

inspection, thermal imaging, electrical characterization and
threshold-based comparisons, offer useful diagnostic capabil-
ity. However, they are often limited in continuous, scalable
and low-cost monitoring applications. Visual inspection is
labor-intensive and difficult to apply continuously, while
thermal imaging involves additional instrumentation and can
be affected by environmental and operating conditions [12],
[13]. Electrical characterization and threshold-basedmethods
are attractive because they depend on readily available mea-
surements. However, their performance can weaken when
irradiance, temperature, shading effects and fault signatures
overlap [14]. These limitations become more significant
in large PV plants, where automated fault detection and
classification must remain reliable under changing weather
conditions, sensor noise and variable operating points.

Recent advances in machine learning (ML) and deep
learning (DL) have improved the potential for automated
PV fault detection and diagnosis. Classical ML models,
including support vector machines (SVM), decision trees,
random forests, k-nearest neighbors (KNN) and ensemble
learning, have been widely applied to classify normal and
faulty PV operating states [15]. Hybrid signal-processing and
ML approaches have also been studied. For example, the
Stockwell transform combined with SVM, decision trees,

random forests and KNN has been used to identify partial
shading, open-circuit conditions and degradation faults by
extracting informative time–frequency features [16]. These
studies show that feature quality is central to reliable PV fault
diagnosis. In addition, soft-computing and rule-discovery
methods have also been applied to obtain interpretable
classification rules and support data-driven decision-making
in engineering applications [17].

More recently, DL-based methods have been introduced to
capture nonlinear and coupled fault signatures in PV mea-
surements. A hybrid CNN–BiGRU architecture was proposed
in [18] to capture both spatial and temporal dependencies in
PV signals for the classification of open-circuit, short-circuit
and shading faults. Similarly, stacked sparse autoencoders
combined with an optimized multilayer perceptron were
explored in [19], achieving high diagnostic accuracy across
several PV fault categories. These studies show the diagnostic
potential of intelligent learning models for PV systems.
However, review studies also emphasize that the performance
of intelligent FDD models depends strongly on the quality
of extracted features, the availability of representative data
and the ability of the model to handle noisy, uncertain and
non-stationary operating conditions [9]. Feature-engineering
and one-dimensional convolutional neural network (1D-
CNN) approaches are particularly relevant in this context
because normalized electrical features can improve model
adaptability and enable compact classification architectures
for PV fault diagnosis [20].
Despite these advances, several challenges remain. First,

measured and well-labeled PV fault datasets are difficult
to obtain because many fault events are rare, unsafe to
reproduce, or poorly documented in field maintenance
records. Second, models trained under limited laboratory or
synthetic conditions may not generalize well to long-term
environmental variability, including changes in irradiance,
temperature, soiling and partial shading. Third, although
many DL-based methods report high classification accuracy,
they often provide limited information on deployment-related
requirements such as model size, parameter count, inference
speed and computational cost.

A furthermethodological concern is the validation protocol
itself. In ML-based science, data leakage is a recognized
source of overoptimistic results when information from
the test distribution is inadvertently introduced during data
collection, preprocessing or model evaluation [21]. This
issue is particularly relevant when multiple PV operating
classes are generated from the same irradiance-temperature
operating point, because random sample-level splitting can
place closely related variants in both training and testing
subsets. Therefore, leakage-aware partitioning is necessary
to obtain a more credible estimate of held-out model
performance.

To address these issues, this paper presents a compact
1D-CNN-based comparative study for PV fault diagnosis
using a leakage-aware validation strategy. The study uses a
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39-month Lahore, Pakistan irradiance-temperature profile to
represent outdoor environmental variability. These measured
environmental data drive a 4 × 4 PV array, from which
six operating states are generated: normal operation, small
LL fault, large LL fault, OC fault, partial shading and
bypass-diode anomaly. It is important to clarify that the
environmental profile is measured, whereas the fault labels
are generated through a physics-guided model. Therefore,
this study focuses on test-system-based fault separability
under realistic weather variation, rather than direct validation
on measured field-fault data.

The proposed 1D-CNN is used as a compact feature-
wise classifier. Unlike temporal CNNs applied to long
time-series windows, the model in this work learns local
interactions among normalized electrical descriptors, includ-
ing irradiance, temperature, voltage, current, power and
healthy-reference ratio features. The proposed model is
compared with four baseline methods: linear multiclass
SVM, inverse-distance KNN, a compact feedforward neural
network and a wavelet-assisted decision tree. To reduce
data leakage, grouped train/validation/test partitioning is
applied so that all class variants generated from the same
irradiance-temperature operating point remain within the
same subset. In addition to accuracy and macro-F1, training
time, inference throughput, serialized model size and param-
eter count are reported to support deployment-oriented model
selection.

The remainder of this paper is arranged as follows.
Section II explains the PV fault classes considered in this
study. Section III presents the fault-detection techniques
and candidate classifiers. Section IV provides the research
methodology, including data preparation, PV array mod-
elling, feature generation and grouped validation. Section V
discusses the classification results and deployment trade-offs.
Section VI concludes the paper and outlines future research
directions.

II. FAULTS IN PV ARRAY SYSTEMS
PV arrays experience both acute electrical faults and chronic
performance faults. Acute faults occur suddenly and often
produce pronounced electrical deviations. On the other
hand, chronic faults may develop gradually and remain
partly masked via variations in irradiance and temperature.
Recent review studies commonly group PV abnormalities
into external, internal, and system-level categories. In these
studies, fault detection, classification and localization are
treated as related but distinct diagnostic tasks [8], [9],
[14], [22].
In this work, both abrupt and chronic operating states

are considered. Among the six operating classes, the
normal class represents the healthy reference condition of
the 4 × 4 PV array under the corresponding measured
irradiance-temperature operating point. The acute electrical
fault classes include small LL faults, large LL faults and
OC faults. LL faults occur when conductors or nodes
at different potentials become unintentionally connected,

producing voltage collapse, reverse-current redistribution and
mismatch between adjacent strings [8], [23]. Their detection
can be difficult in practical PV arrays because MPPT
operation may reduce fault-current magnitudes and reshape
the post-fault operating point [10]. OC faults interrupt the
current path of a module or string, which reduces the
delivered current while largely maintaining the OC voltage
envelope [22]. In this study, LL behavior is divided into
small-LL and large-LL classes to represent fault severity
rather than fault location.

The chronic classes maintained in this study are partial
shading and bypass-diode anomaly. Partial shading intro-
duces nonuniform irradiance across cells or strings, creates
multi-peak power characteristics and usually affects current
ratiosmore strongly than voltage ratios. Bypass-diode-related
anomalies distort the voltage transfer characteristics of the
affected string and are practically important because they
do not always produce the same abrupt current signatures
as hard wiring faults [14]. Experiments also shows that
partial shading and bypass-diode failure can produce different
electrical and thermal signatures; in particular, bypass-diode
failure may produce reverse current and severe local heating
under certain operating conditions [11]. In this study, the
bypass-diode class represents a controlled electrical anomaly
associated with altered string-voltage behavior. It is not
intended to differentiate between specific diode failure
mechanisms, such as OC, short-circuit, or thermally degraded
bypass diodes.

Although other chronic conditions such as degradation, hot
spots, soiling, snow cover, and corrosion are also important
in the broader PV literature [12], [13], [24], they are not
included as separate classes in this study. These conditions
often require thermal imagery, visual inspection, insula-
tion measurements, long-term degradation records or field
maintenance labels for reliable diagnosis, which are outside
the available low-dimensional electrical-feature scope. The
selected six-class test system therefore provides a practical
balance between diagnostic relevance, reproducibility and
compatibility with the available low-dimensional electrical
descriptors.

Similar classification difficulty appears in other electrical
assets, where chronic insulation defects can produce weak
and highly similar signal signatures. For example, STFT
scalograms combined with CNN classification have been
used to distinguish cable partial-discharge defects such as
crack, contamination, air void, microcrack, and composite
defects [25]. This supports the future extension of the pro-
posed PV framework toward additional chronic fault classes
when temporal electrical, thermal or field-maintenance labels
become available.

A more generalized classification of the main PV
faults is illustrated in figure 1. In this work, a 39-month
irradiance–temperature dataset from Lahore, Pakistan, define
the environmental operating profile, whereas the six fault
labels are generated using the physics-guided PV model
described in the methodology section. This feature avoids
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overstating field-fault validation while still exposing the
classifiers to realistic daily and seasonal environmental
variability.

III. FAULT DETECTION TECHNIQUES
PV faults on the DC side remain harder to diagnose than
AC-side disturbances because the measured voltage, current
and power of a PV array change continuously with irradiance
and temperature. Recent PV diagnosis reviews therefore
organize the field into measurement-comparison methods,
energy-loss methods, thermal and imaging methods, signal-
injection methods and data-driven methods used for detec-
tion, classification and localization [14], [22], [26], [27],
[28]. Direct difference measurement compares measured and
expected electrical quantities, adjacent-string comparison
uses neighboring strings as references, PV energy-loss analy-
sis tracks abnormal loss patterns, temperature-based methods
exploit thermal changes and external-injection methods study
the response of the array to an auxiliary signal [14], [22],
[26]. In this study, the final decision stage is data-driven and
compares five classifiers: a linear multiclass SVM, inverse-
distance KNN, ANN-light, a wavelet-assisted decision tree
and a 1D-CNN.

At each operating point, the common electrical descriptor
is written as

x = [G,T ,V , I ,P,Vr , Ir ,Pr ]⊤

Vr =
Vf
Vn

, Ir =
If
In

, Pr =
Pf
Pn

(1)

where G and T are irradiance and temperature, (V , I ,P)
are the measured electrical quantities and (Vn, In,Pn) denote
the corresponding healthy operating values. All feature-space
models are trained with z-score standardization,

x̃i,j =
xi,j − µj

σj
(2)

where µj and σj are computed from the training split only.
Linear multiclass SVM: Support vector machines remain

attractive for PV fault classification when a compact and
interpretable decision boundary is needed [23], [29]. The
classifier used here follows a one-vs-all linear structure,

fc(x̃) = w⊤
c x̃ + bc, ŷ(x̃) = argmax

c
fc(x̃) (3)

and each binary learner minimizes the soft-margin objective

min
w,b,ξ≥0

1
2
∥w∥

2
2 + C

n∑
i=1

ξi s.t. yi
(
w⊤x̃i + b

)
≥ 1 − ξi

(4)

Because the feature vector is already low-dimensional and
standardized, the linear form offers a useful baseline for
how well the six operating classes can be separated without
nonlinear expansion.

Inverse-distance KNN: KNN labels a query sample from
the class composition of its nearest neighbors in normalized
feature space and is often used as a simple local baseline in

PV diagnosis studies [22], [30]. With Euclidean distance and
k = 5,

d(x̃, x̃i) = ∥x̃ − x̃i∥2, scorec(x̃) =

∑
i∈N5(x̃)

⊮{yi = c}
d(x̃, x̃i) + ε

(5)

and the final decision is

ŷ(x̃) = argmax
c

scorec(x̃) (6)

where ε > 0 prevents division by zero. This model is easy
to interpret but becomes sensitive when chronic and acute
classes overlap in the same local neighborhood.

ANN: Compact feedforward ANN models continue to
be relevant in nonlinear PV applications because they offer
strong approximation ability without the overhead of heavier
deep networks [18], [19], [31]. The ANN used in this
work receives the standardized eight-dimensional vector and
applies two hidden layers with 24 and 12 neurons:

h1 = σ (W1x̃ + b1)

h2 = σ (W2h1 + b2)

p = softmax(W3h2 + b3) (7)

with predicted class ŷ = argmaxc pc. Training minimizes
cross-entropy,

LCE = −

C∑
c=1

tc log(pc) (8)

using scaled conjugate gradient updateswith validation-based
early stopping. This choice keeps the model compact while
preserving nonlinear decision capability.

Wavelet-assisted decision tree: Recent PV studies have
shown that wavelet descriptors can improve sensitivity
to environmental fluctuations and fault-related transients,
especially when paired with lightweight classifiers [16],
[32]. In this study, irradiance and temperature sequences
are decomposed by a level-3 db4 maximal-overlap wavelet
transform and summarized through four descriptors:

EG =

3∑
ℓ=1

∣∣∣W (ℓ)
G

∣∣∣ , ET =

3∑
ℓ=1

∣∣∣W (ℓ)
T

∣∣∣ ,
DG =

∣∣∣W (1)
G

∣∣∣ , DT =

∣∣∣W (1)
T

∣∣∣ (9)

which extend the base feature vector as

xw = [x,EG,ET ,DG,DT ]⊤, Gini(S) = 1 −

C∑
c=1

p2c

(10)

A decision tree is then trained on xw using the Gini impurity
criterion. This branch remains interpretable and computation-
ally light while bringing limited temporal context into the
classifier.

1D-CNN: Modern PV fault studies increasingly favor
1D-CNN models because they learn local cross-feature
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FIGURE 1. Generalized PV fault taxonomy [8].

patterns directly from low-dimensional signals and can be
deployed on constrained hardware [18], [20], [33], [34].
Here, the standardized feature vector is treated as a short
one-dimensional sequence and the forward path is

u1 = ReLU
(
Conv1(x̃)

)
u2 = ReLU(Conv2(u1))

g = ReLU
(
Wfc Dropout(u2; 0.10) + bfc

)
p = softmax(Wog + bo) (11)

with ŷ = argmaxc pc. The network uses two convolutional
layers, a compact fully connected layer and Adam opti-
mization. This design is intended to keep memory usage
low while improving class separation beyond what dense or
distance-based models can provide.

IV. RESEARCH METHODOLOGY
This section describes the data preparation, PV array
modeling, feature generation and training procedure used
in the study. The environmental operating points drive a
4 × 4 series-parallel PV array model and are expanded
into six operating classes: normal, small line-to-line, large
line-to-line, open circuit, partial shading and bypass diode.
A grouped split is then applied so that all class variants
created from the same operating point remain in one partition
only, which prevents leakage across environmental states.

A. PV ARRAY MODELING AND ITS INTERFACE TO THE
CLASSIFIERS
The 4 × 4 series-parallel PV array used in this work is
retained because it gives a simple but representative platform
for generating consistent fault signatures. The healthy oper-
ating point is computed from the module maximum-power

quantities rather than from a long one-diode derivation.

Imp,mod = Imp,stc
G

1000
[1 + αI (T − 25)]

Vmp,mod = Vmp,stc [1 + βV (T − 25)] (12)

where Imp,stc = 7.41 A, Vmp,stc = 29.0 V, αI = 5×10−4 and
βV = −4 × 10−3. For Ns = 4 and Np = 4.

In = NpImp,mod, Vn = NsVmp,mod, Pn = VnIn (13)

These healthy values act as the reference for the six operating
classes. The acute electrical states are assigned as

Normal: Vf = Vn, If = In
Small LL: Vf = 0.75Vn, If = 1.05In
Large LL: Vf = 0.50Vn, If = 1.10In

Open Circuit: Vf = 0.98Vn, If = 0.75In (14)

while the chronic classes are generated through bounded
severity factors

sps = clip
(
0.25 + 0.35r1 + 0.15Ḡ, 0.20, 0.75

)
sbd = clip

(
0.35 + 0.25r2 + 0.20T̄ , 0.25, 0.85

)
(15)

where r1 and r2 are uniform random variables, Ḡ = clip((G−

200)/800, 0, 1) and T̄ = clip((T −10)/45, 0, 1). The chronic
operating states are then written as

Partial Shading: Vf = Vn(0.88 − 0.04sps),

If = In(0.55 − 0.18sps)

Bypass Diode: Vf = Vn(0.62 − 0.10sbd),

If = In(0.90 − 0.05sbd)

Pf = Vf If . (16)

Bounded measurement noise is finally injected into Vf , If
and Pf to emulate nonideal sensing. The resulting feature
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TABLE 1. Grouped split counts for the six operating classes.

FIGURE 2. 4 × 4 PV array in normal operation.

set is [G,T ,V , I ,P,Vr , Ir ,Pr ], where the ratio terms are
referenced to (Vn, In,Pn).
The grouped partitioning follows the operating-condition

index rather than the sample index. A 30% grouped holdout
is reserved for testing and the remaining 70% is further
divided with a 15% validation fraction. This yields 27,569
training operating points, 4,865 validation operating points
and 13,900 test operating points. Since each operating point
is replicated across six classes, the final sample counts are
summarized in Table 1. This split keeps all class variants
generated from the same environmental point in the same
partition and therefore avoids leakage across train, validation
and test sets.

The grouped split keeps all class variants generated from
the same environmental point in the same partition and
therefore avoids leakage across train, validation and test
sets. The healthy 4 × 4 PV array reference used for normal
operation is shown in Figure 2, while Figure 3 shows
the corresponding representative faulted operating condition
used to generate the six-class fault dataset.

B. MULTI CLASS SVM TRAINING
The SVM branch uses the shared eight-feature vector x =

[G,T ,V , I ,P,Vr , Ir ,Pr ]⊤ after z-score normalization with

FIGURE 3. 4 × 4 PV array under representative faulted operation.

training-set statistics only. A linear error-correcting output
code (ECOC) structure with one-vs-all coding is adopted
because it is consistent with the low-dimensional feature
space and provides a strong, reproducible baseline. The main
steps are:

1) Load the grouped train, validation and test partitions
generated from the operating-condition index.

2) Standardize the eight predictors using the trainingmean
and standard deviation and apply the same transform to
validation and test samples.

3) Train a linear multiclass SVMwith box constraint C =

1 using one-vs-all coding.
4) Select the final model on the grouped validation

split without mixing samples derived from the same
environmental operating point.

5) Evaluate the grouped test split using confusion matri-
ces, class-wise predictive values, overall accuracy,
macro-F1, train time and inference throughput.

Figure 4 summarizes the SVM training flow from grouped
data loading through standardized test-set evaluation.

C. K NEAREST NEIGHBORS
The KNN branch uses the same eight standardized predictors
and preserves the same grouped split. The final configuration
uses Euclidean distance, inverse-distance weighting and k =

5. The main steps are:
1) Import the grouped train, validation and test sets and

standardize the predictors with training statistics.
2) Compute Euclidean distances in the normalized feature

space and identify the k = 5 nearest neighbors for each
query sample.
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FIGURE 4. SVM flow chart.

FIGURE 5. KNN flow chart.

3) Weight neighbor votes by inverse distance so that
nearer operating points contribute more strongly than
farther ones.

4) Tune and confirm the final k and weighting choice on
the grouped validation data.

5) Evaluate the grouped test set using the same metrics
reported for SVM.

Figure 5 summarizes the KNN workflow from grouped
partition loading to inverse-distance voting and final
evaluation.

D. ARTIFICIAL NEURAL NETWORK
The ANN branch is kept as a compact nonlinear baseline.
The network receives the same eight standardized predictors,
uses two hidden layers with 24 and 12 neurons and is trained
by scaled conjugate gradient backpropagation with cross-
entropy loss. Validation-based early stopping with a patience
of 12 epochs is used to limit overfitting. Figure 6 summarizes
the ANN training workflow. The procedure is:

1) Prepare the grouped train, validation and test partitions
using the common eight-feature vector.

2) Standardize the input features with the training-set
statistics only.

3) Train a two-hidden-layer ANN with architecture
[24, 12], scaled conjugate gradient updates and
cross-entropy loss.

FIGURE 6. ANN working flow chart.

4) Monitor the validation subset and stop when the
validation loss fails to improve for 12 consecutive
checks.

5) Store the final trained network and report accuracy,
macro-F1, serialized model size, parameter count and
inference throughput in the results section.

E. WAVELET-ASSISTED DECISION TREE
The wavelet-assisted branch is added to introduce low-cost
temporal context from the irradiance and temperature
sequences. Four descriptors, namely WGEnergy, WTEnergy,
WGd1 and WTd1, are extracted from a level-3 db4 maximal-
overlap wavelet transform and appended to the base electrical
feature vector. This produces a 12-dimensional input for the
tree classifier. The training sequence is:
1) Apply a level-3 db4 wavelet decomposition to the

irradiance and temperature series.
2) Compute four summary descriptors from the detail and

accumulated wavelet magnitudes.
3) Append these descriptors to the common eight-feature

vector to form the 12-feature input.
4) Train a decision tree using the Gini split criterion with

minimum leaf size 12.
5) Evaluate the grouped test split with the same

confusion-matrix and deployment metrics used for the
other models.

Figure 7 summarizes the wavelet-assisted decision-tree
workflow, including wavelet descriptor extraction, feature
concatenation and tree-based classification.

F. PROPOSED 1D-CNN
The proposed deep model receives the same standardized
eight-feature vector but interprets it as a short one-
dimensional sequence. The final architecture uses two
convolutional layers with 16 and 32 filters, kernel size 3,
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FIGURE 7. Wavelet-assisted decision-tree workflow.

FIGURE 8. 1D-CNN architecture used for PV fault classification.

dropout 0.10, a fully connected layer of width 48 and a
softmax output layer. Training is performed with Adam for
25 epochs using a mini-batch size of 64. The main steps are:
1) Reshape each standardized eight-feature sample as a

short one-dimensional input sequence.
2) Apply two stacked convolutional layers with ReLU

activations to learn local cross-feature patterns.
3) Use dropout and a compact fully connected layer to

control model size and reduce overfitting.
4) Optimize the network with Adam on the grouped

training split and monitor the grouped validation split
during training.

5) Evaluate the grouped test split and report classifica-
tion performance together with train time, inference
throughput, serialized size and parameter count.

Figure 8 summarizes the 1D-CNN architecture used to
capture local dependencies among normalized electrical
features.

FIGURE 9. Flow chart for the five-technique PV fault classification
pipeline.

G. MODEL WORKING FLOW CHART
The complete pipeline is summarized in figure 9. The
flow starts from the 39-month irradiance-temperature file,
generates the six operating classes, extracts the common
electrical and ratio features, adds wavelet descriptors for the
tree branch and then trains the five candidate models on
grouped train, validation and test splits. The full execution
order is:

1) Load the 39-month irradiance and temperature
file and remove nighttime operating points using
G ≥ 80 W/m2.

2) Compute the healthy V , I and P operating values of the
4×4 series-parallel PV array and generate six operating
classes from the same environmental point.

3) Form the shared feature vector [G, T , V , I , P, Vr ,
Ir , Pr ] and append four wavelet descriptors for the
wavelet-assisted tree branch.

4) Create grouped train, validation and test partitions so
that no operating point appears in more than one split.

5) Train the five candidate models: linear multiclass
SVM, inverse-distance KNN, ANN-light, wavelet-
assisted decision tree and 1D-CNN.

6) Evaluate all models using confusion matrices, pre-
dictive values versus false discovery rates, accuracy,
macro-F1, train time, inference throughput, model size
and parameter count.
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FIGURE 10. 39-month irradiance profile used to drive the PV fault classification study.

FIGURE 11. 39-month temperature profile used to drive the PV fault classification study.

FIGURE 12. SVM scatter plot for the six-class study. Crosses indicate
misclassified test samples.

The performance indices used throughout the paper are

Accuracy =

∑C
c=1 Ccc∑C

i=1
∑C

j=1 Cij

Macro-F1 =
1
C

C∑
c=1

2 Precisionc Recallc
Precisionc + Recallc

(17)

where Cij is the confusion-matrix entry for true class i
predicted as class j. If Ntest is the number of test samples and

FIGURE 13. SVM confusion matrix for the six-class study.

FIGURE 14. SVM predictive values versus false discovery rates for the
six-class study.

tinf is the measured inference time, the throughput is

Throughput =
Ntest

tinf
(18)
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FIGURE 15. KNN scatter plot for the six-class study.

FIGURE 16. KNN confusion matrix for the six-class study.

FIGURE 17. KNN predictive values versus false discovery rates for the
six-class study.

These metrics are reported together so that classification
quality and deployment cost can be compared on the same
footing.

V. RESULTS AND DISCUSSION
Temperature data at latitude 31.5497◦ and longitude
74.3436◦ (i.e Lahore, Pakistan) were extracted from
Weatherbit at sub-hourly resolution using its API [35]. Solar
irradiance data were derived from open-source cloud-cover
data obtained from the Copernicus Atmosphere Monitoring
Service (CAMS) Atmosphere Data Store for the same
site [36]. This study uses 39-month irradiance-temperature
measurements containing 105,213 records at 15-minute
resolution. After daylight filtering (G ≥ 80 W/m2), 46,334

FIGURE 18. ANN scatter plot for the six-class study.

FIGURE 19. ANN confusion matrix for the six-class study.

FIGURE 20. ANN predictive values versus false discovery rates for the
six-class study.

operating points are transformed into a six-class criterion
comprising normal, small line-to-line, large line-to-line,
open-circuit, partial-shading and bypass-diode conditions.
Each operating point is replicated across the six classes and
kept in one partition only, which gives 165,414 training
samples, 29,190 validation samples and 83,400 test samples,
or 13,900 test samples per class. This grouped split ensures
that samples generated from the same environmental state do
not appear across multiple partitions. Figures 10 and 11 show
the 39-month irradiance and temperature profiles used in the
study.

1) Multiclass SVM Results: The linear multiclass SVM
achieved 95.25% accuracy with 95.26% macro-F1 on
the grouped test partition. Figure 12 shows that most
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FIGURE 21. ANN regression plot.

FIGURE 22. ANN performance curve.

samples remain well separated in the reduced ratio-feature
space, although the crossed markers become denser around
the reduced-voltage fault regions. The confusion matrix
in Figure 13 remains strongly diagonal but the main
off-diagonal leakage occurs among the small line-to-line,
open-circuit and bypass-diode classes. The predictive-value
versus false-discovery-rate map in Figure 14 confirms that
the SVM is a strong and interpretable baseline but it is less
selective than the neural models when class boundaries begin
to overlap.

2) KNN Results: The inverse-distance KNN model
achieved 89.75% accuracy with 89.75% macro-F1. The
scatter plot in Figure 15 contains visibly more crossed
samples than the SVM case, which shows that local voting
is more sensitive to overlap between chronic and acute fault
signatures. Figure 16 still shows a preserved diagonal but the

FIGURE 23. ANN error histogram.

FIGURE 24. Wavelet-assisted tree scatter plot for the six-class study.

FIGURE 25. Wavelet-assisted tree confusion matrix for the six-class study.

off-diagonal leakage is broader across all six classes. The
predictive-value plot in Figure 17 confirms that KNN is the
least selective of the five techniques in this study.
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FIGURE 26. Wavelet-assisted tree predictive values versus false discovery
rates for the six-class study.

FIGURE 27. 1D-CNN scatter plot for the six-class study.

FIGURE 28. 1D-CNN confusion matrix for the six-class study.

FIGURE 29. 1D-CNN predictive values versus false discovery rates for the
six-class study.

3) Artificial Neural Network Results: The ANN-light
model improved the classification performance to 97.25%
accuracy with 97.25% macro-F1. Figure 18 shows a much
tighter concentration of correctly classified samples than

FIGURE 30. Training-loss curve of the proposed 1D-CNN.

FIGURE 31. Deployment trade-off between serialized model size and
measured inference throughput.

the classical baselines. The confusion matrix in Figure 19
remains balanced across all six classes with only small
residual confusion counts. The predictive-value plot in
Figure 20 shows consistently strong class-wise selectivity.
In deployment terms, the trained ANN occupies 0.563 MB,
contains 594 trainable parameters and reaches approximately
2.40 × 106 samples/s on the held-out test set. The regression
plot in Figure 21, the performance curve in Figure 22 and the
error histogram in Figure 23 provide additional convergence
diagnostics and support stable optimization with low residual
error.

4) Wavelet-Assisted Tree Results: The wavelet-assisted
decision tree achieved 92.25% accuracy with 92.25% macro-
F1. This is better than KNN but lower than the ANN.
Figure 24 shows that the wavelet descriptors help preserve
the coarse clustering structure, yet some boundary overlap
still remains. The confusion matrix in Figure 25 indicates
moderate confusion spread across all six classes, which
suggests that the appended wavelet descriptors improve envi-
ronmental awareness but do not fully resolve the nonlinear
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TABLE 2. Comparative results for the five-technique PV fault classification study.

class interactions. The predictive-value map in Figure 26
reflects the same middle-ground behavior. An important
practical advantage of this model is speed, since it provides
the highest measured inference throughput at approximately
9.77 × 106 samples/s.
5) Proposed 1D-CNN Results: The proposed 1D-CNN

achieved the best overall result, namely 98.95% accuracy
with 98.95% macro-F1. The scatter plot in Figure 27 shows
that only a small number of samples fall outside their domi-
nant class regions. The confusion matrix in Figure 28 remains
sharply diagonal for all six classes and the predictive-value
plot in Figure 29 confirms that the model is both accurate
and selective. The training-loss curve in Figure 30 also
shows stable optimization behavior. In deployment terms, the
trained 1D-CNN is the smallest model in memory at only
0.162 MB, although its convolutional operations reduce the
measured throughput to approximately 9.32×104 samples/s.
Even so, the model offers the best balance when classification
quality and memory footprint are both important.

The comparative performance of the five techniques is
clear: the proposed 1D-CNN achieves the highest accuracy
and macro-F1 score, followed by ANN-light, the linear
SVM, the wavelet-assisted tree, and finally KNN. This
ordering is consistent with the per-model figures. KNN
suffers the broadest boundary leakage, the wavelet-assisted
tree improves the classical local-voting baseline but does not
close the gap to the neural models, the ANN provides a strong
compromise between accuracy and throughput and the 1D-
CNN yields the cleanest class separation.

From a deployment perspective, the choice depends on
the target constraint. If the highest classification accuracy is
required, the proposed 1D-CNN is the best option. If fast
inference is the main requirement, the wavelet-assisted tree
is attractive. If a neural model with strong accuracy and
moderate resource demand is preferred, ANN-light offers the
most practical balance. Figure 31 illustrates this trade-off
between serialized model size and measured inference
throughput.

The outdoor data provide a realistic operating envelope but
the class labels are generated through structured fault pertur-
bations rather than measured field-fault campaigns. For that
reason, the reported accuracies demonstrate discriminative
power on an outdoor-driven study, not a guaranteed fixed
accuracy over the full 20–25 year lifetime of a PV asset.
In practical long-term deployment, periodic recalibration,
retraining or domain adaptation would still be required as
modules age, sensors drift and additional chronic fault modes
emerge.

Although the proposed 1D-CNN has lower throughput
than the tree and ANN baselines, its measured throughput
remains suitable for PV monitoring intervals that typically
operate at sub-second, second-level, orminute-level sampling
rates. Reporting inference speed and memory footprint
follows recent real-time fault-classification practice, where
deployment feasibility is assessed using latency together with
diagnostic accuracy [37].
Table 2 consolidates the final comparison and explains

the deployment meaning of the ranking. Accuracy and
macro-F1 identify the 1D-CNN as the best classifier,
but throughput and model size show different operating
trade-offs. The wavelet-assisted tree is the fastest option
at 9,766,121 samples/s, ANN-light gives a high-accuracy
neural baseline with 0.563MBmemory use and the 1D-CNN
gives the highest accuracy with the smallest serialized size of
0.162 MB. Therefore, the final model choice should depend
on whether the monitoring unit prioritizes classification
margin, inference speed or memory footprint.

VI. CONCLUSION
This work presented a weather-driven photovoltaic fault diag-
nosis study using a 39-month Lahore irradiance-temperature
profile and a physics-guided 4 × 4 PV array PV system.
Five models were compared: linear multiclass SVM, inverse-
distance KNN, ANN-light, wavelet-assisted decision tree,
and the proposed compact 1D-CNN. The study considered
six operating states, including normal operation, small
LL fault, large LL fault, OC fault, partial shading, and
bypass-diode anomaly. To reduce data leakage, a grouped
train/validation/test split was applied so that all class variants
generated from the same environmental operating point
remained within the same subset.

Among all tested models, the proposed compact 1D-CNN
achieved the strongest held-out performance, with 98.95%
accuracy and 98.95% macro-F1, while maintaining a seri-
alized model size of 0.162 MB. ANN-light delivered the
second-best classification result and provided a practical neu-
ral trade-off between speed and memory footprint. The linear
SVM remained competitive as a simple and interpretable
baseline, while the wavelet-assisted decision tree achieved
the highest inference throughput. These results indicate
that compact 1D convolution over normalized electrical
descriptors is a promising approach for weather-driven PV
fault classification when both accuracy and deployability are
considered.

This study should be interpreted as a weather-driven test-
system evaluation rather than a validation using measured

81628 VOLUME 14, 2026



S. Z. Hassan et al.: Compact 1D-CNN for Photovoltaic Fault Diagnosis With Leakage-Aware Validation

field-fault data. Although the irradiance–temperature profile
is based on measured data, the fault labels are generated
using a physics-guided PVmodel. Future work should extend
the proposed framework through long-term field campaigns
with measured fault labels, additional chronic degradation
classes, external weather profiles, sensor-drift analysis, and
domain-adaptive retraining strategies. Such extensions are
needed before fixed long-term deployment accuracy can be
claimed for practical PV assets.
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