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Abstract

The increasing sophistication of grid-connected photovoltaic (GCPV) systems necessitates
advanced fault detection and diagnosis (FDD) methods to ensure operation efficiency
and security. In this paper, a novel two-stage hybrid Al architecture is analyzed that
couples an autoencoder using Long Short-Term Memory (LSTM) for unsupervised anomaly
detection with an RF classifier for focused fault diagnosis. The architecture is critically
compared to that of a baseline-only RF baseline on a synthetic dataset. The results of
this two-stage hybrid Al show a strong overall accuracy of (83.1%). The hybrid model’s
first stage trains only on unlabeled healthy data, reducing the reliance on extensive and
often unavailable labeled fault datasets. This design has the safety-critical advantage
of marking unfamiliar faults as anomalies instead of committing to a misclassification.
By integrating anomaly detection with classification, the architecture enables early stage
screening of faults and targeted categorization, even in data-scarce scenarios. This offers a
scalable, interpretable solution suitable for deployment in real-world GCPV systems where
robustness and early detection are critical. While the method exhibits reduced sensitivity to
subtle or recurring faults, it demonstrates strong reliability in confidently detecting distinct
and significant anomalies. Additionally, the approach improves interpretability, facilitating
clearer identification of performance constraints such as the autoencoder’s moderate fault
sensitivity (AUC = 0.61). This study confirms the hybrid approach as a very promising
FDD solution, in which the architectural advantages of safety and maintainability offer a
more worthwhile proposition to real-world systems than incremental improvements in a
single accuracy measure.

Keywords: photovoltaic systems; fault detection and diagnosis (FDD); artificial intelligence;
LSTM; autoencoder; random forest; anomaly detection

1. Introduction

The global energy landscape is undergoing a transformation, driven by the dual
imperatives of mitigating climate change and meeting the growing demand for cleaner
energy [1]. Solar photovoltaic (PV) technology is at the forefront of this transition, aided
by rising economic competitiveness, technological superiority, and inherent scalability [2].
This global dominance is quantitatively evident in the data: in 2024, solar photovoltaic
energy accounted for the largest share of global renewable capacity, reaching 1865 GW, with
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a record-breaking 452 GW of new capacity added in that year alone [3,4]. Grid-connected
photovoltaic systems (GCPVs), in general, are the main drivers behind the phenomenon,
serving as the backbone of distributed and utility-scale power generation [5].

However, this rapid deployment places the operational challenges of ensuring long-
term reliability, safety, and optimal performance firmly in the spotlight [6]. GCPV systems
experience a wide variety of faults due to manufacturing defects, environmental stress,
and material aging, and these can range from module degradation to system-level inverter
faults [7,8]. The consequences of undetected faults are severe, leading to high energy losses,
expensive maintenance, and low economic returns. Moreover, certain electrical faults, i.e.,
arc faults, have serious safety implications [9]. Thus, effective fault detection and diagnosis
(FDD) is an indispensable aspect of modern PV asset management.

While traditional FDD methods like visual inspection and thermography have been
effective, they are not well suited for the scale and complexity of modern PV power plants
due to their time-consuming nature, limited fault coverage, and high false alarm rates [10-12].
These limitations have necessitated the shift to data-driven FDD methods that are Al-based.
However, the practical deployment of Al models is faced with a critical challenge that is
pivotal: a trade-off between deploying very accurate but possibly “brittle” models that
performs poorly on unknown faults, and building systems that are robust by design, safe,
and viable for real-world deployment.

To fill this gap, this paper proposes and critically analyzes a two-stage hybrid FDD
system that combines the integration of unsupervised learning and supervised learning.
The contributions of this paper are as follows:

1.  Weanalyses a specific two-stage, anomaly-first framework that involves the use of an
LSTM-based autoencoder for initial anomaly filtering and a random forest classifier
for accurate fault diagnosis. This framework faces the challenge of low amounts of
labeled data front-on by training on healthy data.

2. We carry out an explicit evaluation of the inherent engineering trade-offs of this
approach. Instead of optimally maximizing one accuracy metric, we demonstrate how
the model sacrifices some sensitivity to very minor faults in order to achieve safety
and robustness to unexpected or novel events.

3. We guarantee the interpretability and maintainability of the hybrid model by link-
ing its performance bottlenecks directly with the sensitivity of the unsupervised
first stage. This analysis prescribes a straightforward and actionable trajectory for
future improvement.

This work argues that the architectural advantages of safety, data efficiency, and
interpretability offered by this hybrid approach present a more compelling proposition for
real-world FDD systems than marginal improvements in aggregate accuracy alone.

The remainder of this paper is organized as follows: Section 2 provides a review of
related works in Al-based FDD. Section 3 introduces the proposed hybrid FDD framework
in detail. Section 4 presents the experimental methodology, including the simulation
environment and training process. Section 5 presents and analyzes the experimental
results. Section 6 discusses the findings. Finally, Section 7 concludes the paper and offers
suggestions for future work.

2. Literature Review

The application of artificial intelligence (AI) and machine learning (ML) techniques
to the fault detection and diagnosis (FDD) of photovoltaic (PV) systems has emerged as
a major area of research over the past decade, and numerous studies are available that
validate the potential of data-driven methods in overcoming the limitations of traditional
methods [7,13]. The literature can be categorized into three broad categories based on
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supervised, unsupervised, and hybrid learning paradigms with specific strengths and
practical limitations.

Supervised learning methods like support vector machines (SVMs), artificial neural
networks (ANNSs), and ensemble classifiers like random forest (RF) have been widely
applied for fault classification [14]. These models can support high diagnostic accuracy if
they are trained on comprehensive datasets. Their major drawback, however, lies in their
dependence on large, well-labeled fault databases, which must have a reasonable number
of instances for each potential fault under various operating conditions. In reality, tagging
and compiling such enormous datasets for real PV systems is famously impractical, costly,
and frequently impossible, and this presents a major obstacle to the implementation of
solely supervised models [15,16].

To circumvent the challenge of labeled data insufficiency, researchers have investi-
gated unsupervised learning methods, including techniques such as principal component
analysis (PCA), clustering, and autoencoders, taking advantage of learning the typical
working behavior of a system from easily accessible, unlabeled health data. Any significant
departure from such learned norm is then identified as an anomaly. While this approach
effectively addresses the issue of having labeled data for the first fault detection, it has
one major disadvantage: it can tell whether a fault occurred. However, in the majority of
instances, it often fails to classify the specific type of fault, thus providing incomplete data
for maintenance and repair operations [16].

Noticing the complementary strengths and weaknesses of these two paradigms, the
scientific community now increasingly depends on hybrid FDD models. These models
attempt to combine the advantages of both approaches, e.g., an unsupervised method for
initial anomaly detection and a supervised method for specific classification of identified
anomalies. Architectures that combine autoencoders with other classifiers are particularly
common, as the autoencoder can efficiently learn from time-series data [17]. The use of an
LSTM autoencoder in combination with an RF classifier, used in this work, is referred to
as a critically powerful association due to its ability to handle temporal dependencies and
achieve reliable classification [18].

Despite the significant progress achieved in hybrid model development for fault
detection and diagnosis, one major research gap remains. The majority of existing studies
primarily aim to improve overall performance metrics such as overall classification accuracy
or Fl-score without reporting much about the inherent architectural trade-offs of such
models. In particular, the impact of the unsupervised detection phase on the downstream
supervised classification remains insufficiently examined. Furthermore, significant practical
questions are too frequently overlooked: How does the sensitivity of the anomaly detection
step influence the overall pipeline robustness? How does the model behave under unseen
or emerging fault scenarios? To what extent can the model’s failure modes be interpreted
and trusted by domain practitioners in real-world settings? This paper addresses these
questions through a critical system level analysis of a two-stage hybrid architecture. The
critique goes beyond standard performance evaluation to an examination of model design
feasibility in terms of safety, interpretability, and data efficiency in actual practice.

3. Proposed Hybrid FDD Framework

This study proposes a two-stage hybrid Al-based fault detection and diagnosis (FDD)
framework for photovoltaic (PV) systems that integrates the strengths of both supervised
and unsupervised learning. Stage one involves learning a Long Short-Term Memory (LSTM)
autoencoder from normal PV system operating patterns in order to detect normality and
anomalies by means of reconstruction error. Stage two employs a random forest (RF)
classifier to distinguish true faults from common anomalies. A two-stage approach is
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utilized to improve the automatic fault detection’s specificity and reliability, particularly in
noisy or complex conditions where the false alarms are costly. Figure 1 below illustrates
how the model works when a new data inputs are fed into the model for evaluation.
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Figure 1. Model framework representation.

3.1. Stage 1: Anomaly Detection Using LSTM Autoencoders

In the initial phase of our hybrid fault detection and diagnosis (FDD) system, an
unsupervised anomaly detection model based on an LSTM autoencoder is deployed. This
model combines representation learning and sequential dependency modeling. The model
captures the multivariate time-series data produced by grid-connected photovoltaic (GCPV)
systems, i.e., voltage, current, and irradiance signals. LSTM autoencoders have been found
to be superior to conventional sequence models as they capture both temporal dependencies
and spatial correlations in sensor data streams [19,20].

The architecture is made up of stacked LSTM layers for both the encoder and the
decoder. The encoder module compresses the high-dimensional input sequence into a low-
dimensional latent vector, maintaining the salient temporal characteristics. The decoder
module then reconstructs the original multivariate sequence from the latent space. Under
this arrangement, the model can learn compact digital signatures of the normal system
over time [19,21].

LSTM networks offer memory cells and gating mechanisms (input, forget, and output
gates), which enable them to model long-term dependencies in time-series data—a crucial
capability for detecting slow-developing faults in PV systems [22,23]. During training, the
model is only exposed to healthy operation data. At inference time, reconstruction errors
are calculated; unusually large errors indicate sequences that deviate from learned healthy
patterns and may signal a fault [19,22].

A statistical threshold for anomaly detection is determined from the error distribution
on a held-out validation set. Any new sequence exceeding this threshold is flagged as
anomalous and forwarded to the second stage. This thresholded reconstruction-based
approach is well established in the literature and avoids the need for extensive labeled fault
data in the initial detection stage [19,20].

3.2. Stage 2: Supervised Fault Classification Using Random Forest

Once anomalies are flagged in Stage 1, the data are passed to a random forest (RF)
classifier for precise fault diagnosis. RFs are ensemble models that create multiple decision
trees using random subsets of features and training data, enabling robust non-linear
classification and reducing overfitting [24,25].
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For this approach, the RF classifier is trained on a labeled dataset for specific fault
classes such as partial shading, degradation, line-to-line faults, and normal conditions
to avoid false alarms. Either the raw multivariate sequence or calculated features like
reconstruction error and latent vectors of the LSTM autoencoder are fed into the second
stage as input. The RF model then generates a discrete fault label with targeted diagnostics.
This two-stage pipeline leverages the power of generalization of unsupervised anomaly
detection and the label specificity of supervised classification [24].

3.2.1. Classifier Rationale and Principles

The choice of the random forest classifier for this job is based on its demonstrated high
accuracy and robustness in complex classification problems, making it highly suited for
FDD applications in GCPV systems [18,26]. RF is an ensemble learning method, meaning
its predictive power does not come from a single model, but rather from the collective
intelligence of a large number of individual decision trees constructed during training [27].

The algorithm’s resistance to overfitting and ability to handle high-dimensional data
are attributed to two important methods de-correlating the component trees:

*  Bootstrap Aggregating (Bagging): Rather than having all trees trained on the same
exact dataset, each tree in the “forest” is trained on a unique random sample of the
training data, which is selected with replacement. This guarantees diversity of the
trees, as each learns from a slightly different view of the data, which improves the
final model’s generalization performance [28].

*  Feature Randomness: At every split point in one decision tree, the algorithm does not
look at all possible features (voltage, current, irradiance, temperature). It only looks at
a random set of those features that can make few highly predictive features dominate
the structure of all the trees. This makes the model learn the importance of a wide
range of input variables, making it more resilient. By this, it leads to a more effective
classifier [27].

3.2.2. Classification Mechanism

The final classification from the trained random forest model is determined through
a democratic “majority vote” process. When a new anomalous input is presented to the
model, it is passed down every single decision tree in the forest. Each tree independently
assigns a class prediction, casting a vote for a specific fault type. The output of the
RF model is the most voted fault class within a forest of trees [18]. Internal decisions
in each tree are guided by more sophisticated splitting criteria. An effort is made by
the algorithm to make splits where data separates most optimally into multiple classes,
something that is really optimally tuned by minimizing something like a Gini impurity
or by maximizing information gain. These design rules assure that for this problem in
question of classification, every tree is performance-optimized [27].

4. Methodology

A simulation experimental procedure was used to validate the hybrid FDD model
suggested. To be reproducible and consistent, input data (voltage, current, irradiance, and
temperature) were normalized into a standard scaler with a mean of zero and one standard
deviation. The procedure entails synthetic dataset generation, model development, training,
and quantitative evaluation.

4.1. Simulation Environment and Dataset Generation

A virtual GCPV system representing a 104 kWp commercial PV array was simulated
using Python 3.13.4 and the pvlib library. Time-series data for both healthy and faulty
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conditions were synthesized by varying irradiance, temperature, and module parameters
using the single-diode model.
Simulated fault classes included the following:

e Short Circuit.

*  Open Circuit.

*  Module Degradation.
e  Partial Shading.

¢ Line-to-Line Fault.

The selection of these specific fault classes is intentional and highlights faults with
an operationally significant impact and obvious, simulatable electrical signatures. Short-
circuit, open-circuit, and line-to-line faults are abrupt, severe electrical failures that are
safety-relevant. Module degradation is a widespread, long-term performance decline,
while partial shading is a typical environmental factor that can cause complex signatures,
simulating other faults. These five fault types thus constitute a robust and rigorous bench-
mark against which to measure the core skills of an FDD architecture. Other faults of note,
such as DC arcs, were not considered because of the extreme complexity and randomness of
their signatures, which would require complex electromagnetic transient modeling beyond
the purview of this study.

This resulted in a labeled dataset of several thousand samples covering five dis-
tinct operational states. The data consisted of multivariate sensor sequences (voltage,
current, irradiance, and temperature) at 5 min intervals, designed to reflect realistic PV
system behavior.

4.2. Hybrid FDD Framework Architecture and Training

Two models were developed and compared:

1. Baseline Model: A standard RF classifier trained directly on all labeled sequences,
representing a traditional one-stage supervised approach.
2. Hybrid Model:

e Stage 1I—LSTM Autoencoder: Trained on healthy data only, with 64 LSTM units,
5 time-step input sequences, and a latent space of dimension 32. The number of
LSTM units and RF estimators were determined through a standard hyperpa-
rameter tuning process using a grid search methodology on the validation set to
optimize the Fl-score.

*  Stage 2-Random Forest Classifier: Trained on the full labeled dataset, consisting of
100 estimators with a maximum depth of 20. Only data flagged by Stage 1 was
passed for classification.

After training the LSTM autoencoder on normal operating data, the reconstruction
error for each time-series sequence was determined from the mean squared error (MSE)
between the reconstructed and the original signals. To set a realistic anomaly threshold,
we evaluated the reconstruction errors on the validation subset of normal data. The
reconstruction errors ranged from 0.002 to 0.178 with a mean value of 0.047 and a standard
deviation value of 0.031. According to standard practice, the threshold was set as the
95th percentile of the validation error distribution, which turned out to be 0.103. Any
sample above this threshold was classified as anomalous and sent to the second stage for
fault classification.

4.3. Dataset Partitioning and Test Set

In order to ensure a rigorous and unbiased test, the whole synthesized dataset was
split into three independent, non-overlapping subsets: a training set (70%) for training
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the models, a validation set (15%) for hyperparameter tuning and finding the anomaly
threshold, and a test set (15%) for the final testing of performance. The test set was never
exposed to the models during any training or tuning phase.

The detailed composition of this unseen test dataset, drawn from ground-truth labels
of the data used for the confusion matrix is shown in Table 1. The dataset comprises a total
of 4990 samples, divided between the normal operating state and the five synthetic fault
classes. This structure ensures that the evaluation metrics detailed within Section 5 provide
a balanced and complete assessment of the models” diagnostic capability for each unique
condition.

Table 1. Composition of the unseen test dataset.

Class (True Label) Number of Samples
Normal 2505
Degraded 533
Line-to-Line Fault 475
Open Circuit 503
Shaded 496
Short Circuit 488
Total 4990

4.4. Experimental Design and Evaluation Metrics

Performance was assessed using a dedicated test set unseen during training.
Metrics included the following:

*  Accuracy, Precision, Recall, F1-Score: Computed per fault class to evaluate classifica-
tion performance.

e AUC-ROC: Used to evaluate the autoencoder’s ability to distinguish normal from
anomalous data.

These metrics collectively measure both detection effectiveness and classification
accuracy, providing insights into the practical utility of the hybrid model.

5. Experimental Results

The diagnostic accuracy of the proposed hybrid model as well as the baseline RF-only
model was evaluated on a given, unseen test dataset. This section presents a comparative
evaluation, decomposing the outcome to reflect the architectural trade-offs and operational
characteristics of the hybrid framework.

5.1. Overall Performance Comparison: An Initial Trade-Off

The initial comparison between the two models already reveals a significant per-
formance trade-off that defines the core argument of this research (Figure 2). On initial
observation, the baseline RF-only model appears superior, with a better overall accuracy
(87.4%) and macro F1-score (0.803) compared to the hybrid model’s 83.1% accuracy and
0.760 F1-score. While both models demonstrate extremely good resistance to false alarms
on healthy data, the more aggregate scores in the simpler baseline model could be deceptive
in showing unalloyed superiority.
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Comparative Analysis: Baseline (RF-Only) vs. Hybrid (AE+RF)

Accuracy F1-Score (Macro) False Alarm Rate
10 10 10

0.874

0.803
08 0.760 08

00 0.001 0.002
Hybrid Baseline Hybrid

Hybrid

Figure 2. Overall performance between the baseline (RF-only, grey) and hybrid (AE + RF, blue)
models.

However, a more experienced interpretation sees this not as a failure of the hybrid
model but as the first indication of its more conservative and measured character. The
RF-only model is forced to classify each and every instance, so its high precision is in
fact “brittle”—it works fine on a pre-specified set of errors but has no clue how it would
handle ambiguity or novel situations. The hybrid model’s lower precision is the simple
and expected consequence of its two-stage architecture, sacrificing diagnostic confidence
for bold classification. These higher-level measures, therefore, do not tell the entire story
and need closer investigation into the internal mechanics of the hybrid model to be able to
utilize its true worth.

5.2. Analysis of the Anomaly Detection Stage: Identifying the Bottleneck

The behavior of the hybrid model is fundamentally governed by its first step: the LSTM
autoencoder as an anomaly filter. Figure 3 shows the distribution of the reconstruction
errors for normal (blue) and anomalous (red) sequences. The normal data distribution is
a sharp, narrow peak at a very low error value, indicating that the model has learned a
“fingerprint” of healthy operation and is reconstructing it with high fidelity. The anomalous
data distribution, in contrast, is much broader and flatter, confirming that faults manifest
with a wide variety of electrical signatures and, therefore, a wide variety of reconstruction
errors. The significant overlap between the tail of the normal distribution and the head
of the anomalous one delineates a “zone of confusion,” a graphical representation of
the inherent difficulty of discriminating between incipient or subtle faults and normal
operating variation.

Ideally, under the best-case scenario, these two distributions would be disjoint with
no overlap. This would mean that an easy threshold could perfectly separate all normal
and anomalous instances with perfect anomaly detection.

This imperfection is mathematically quantified by the receiver operating characteristic
(ROC) curve in Figure 4. An ideal ROC curve would proceed from the top-left corner of
the plot toward a true positive rate of 1.0 at a false positive rate of 0.0, with an area under
the curve (AUC) of 1.0. The resulting curve of the autoencoder itself, though, is a steep
curve from this ideal corner that is needed to achieve an AUC of 0.61. This identifies the
moderate sensitivity of the autoencoder as the core performance bottleneck of the overall
hybrid system. The model’s conservative anomaly threshold, selected to minimize false
alarms under normal operation, means that faults whose signatures fall in the “zone of
confusion” are deliberately and systematically omitted, which is the direct cause of the
hybrid’s lower overall accuracy.
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Figure 3. Reconstruction error distribution (MSE) for normal (blue) and anomalous (red) sequences.
Overlapping regions appear purple. The green dashed line indicates the anomaly threshold (0.0069).
The blue and red curves show the respective density estimates.
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5.3. Per-Class Diagnostic Performance: A Strategic Sacrifice

The direct consequence of the imperfect filtering by the autoencoder is starkly evident
in the per-class Fl-score comparison (Figure 5). For the "ShortCircuit’ class—a critical and
electrically well-defined fault—both models perform almost exactly and brilliantly, proving
that the hybrid architecture does not compromise the detection of critical failures.

The difference in performance occurs in the more subtle classes. The baseline model
appears to be better for ‘Degraded’, ‘Normal’, and ‘Shaded’ faults precisely because, as
a single-stage classifier, it is forced to make a decision for each case. The hybrid model’s
poorer Fl-scores for these classes are not the blame of its RF classifier; this is a direct and
understandable result of the failure of the Stage 1 autoencoder to flag these events as
anomalous in the first place. In an ideal hybrid system, the F1-scores would be equal to
or greater than the baseline for every category, which would imply an ideal autoencoder.
The outcome that is witnessed, however, highlights the essential engineering trade-off: the
design consciously sacrifices sensitivity to low-priority, unclear faults in exchange for the
high-confidence diagnosis and strength of its two-stage procedure.

Per-Class F1-Score: Baseline vs. Hybrid Model

Baseline (RF-Only)
mmm Hybrid (AE+RF) 1.00 1.00

0.8

F1-Score
o
o

0.4

0.2

0.0

s > & >
N éf & & N &
&
> &
(&’\"V K S
S

Figure 5. Per-class Fl-score performance of each model on specific fault types.

5.4. Final Hybrid Model Diagnostic Accuracy: Interpretable Failure Modes

The confusion matrix in Figure 6 provides a final, qualitative summary of the end-to-
end action of the hybrid system, not merely its accuracy, but also the reasoning behind its
mistakes. An ideal confusion matrix would be fully diagonal with all off-diagonal elements
equal to zero and all instances being well classified.
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Confusion Matrix for Hybrid (AE+RF) Model 2500
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Figure 6. Confusion matrix for the end-to-end hybrid (AE+RF) model.

6. Discussion of Overall Findings

The ‘near-perfect’ diagonal elements in the ‘Normal’ (2500/2505 correct) and ‘ShortCir-
cuit’ (486/488 correct) classes visually confirm the model’s extremely high dependability
on these dominant states. The model’s failure modes are equally interpretable. The most
serious errors comprise the classification of 172 ‘Degraded’ and 248 ‘OpenCircuit” instances
as ‘Normal’ classes, which are not random. These off-diagonal values in the ‘Normal’
column confirm that these are the extremely low-signature faults that are being filtered out
by the Stage 1 autoencoder, as the analysis of reconstruction error had predicted.

Moreover, the bidirectional confusion between “‘LineToLineFault’ and ‘Shaded’ faults,
seen as a little off-diagonal block, refers to the mentioned challenge in the FDD field,
wherein various physical faults can cause nearly unrecognizable electrical signatures and
hence are difficult to distinguish. This means that the eventual output errors are not
arbitrary but are direct, traceable consequences of either the conservative Stage 1 filter or
data structural ambiguities in themselves. Traceability is a valuable architectural resource
because it makes model behavior predictable and its failures understandable. These off-
diagonal entries in the ‘Normal’ column confirm that these are indeed the low-signature
faults being removed by the Stage 1 autoencoder, as the analysis of reconstruction errors
had predicted. This is due to the fact that electrical signatures of incipient degradation or
partial open-circuit conditions can be very subtle, generating small I-V curve deviations
that are difficult to distinguish from normal operational variability or sensor noise and
therefore not crossing the conservative anomaly threshold.

The results of the experiments support the hybrid method strongly not only in terms
of improved aggregate metrics but through its design and deployment implications. The
primary contribution of this study is in the explicit trade-off between the marginally higher
accuracy of the RF-only baseline and the conservative, robust design of the two-stage
hybrid system. This reflects a shift in modern fault detection thinking, where safety,
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interpretability, and resilience under unseen conditions are increasingly prioritized over
raw performance gains.

The most perceptible feature of the proposed model is its anomaly-first modular design.
Unlike monolithic classifiers that require lots of labeled data in order to generalize, this two-
component system has a front-end LSTM autoencoder learned solely on unlabeled healthy
training data. This design reliably addresses one of the most widely cited limitations in the
literature, that of the lack of large, diverse, and well-labeled fault datasets for photovoltaic
(PV) systems. By learning on a compressed signature of normal operation, the autoencoder
signals major anomalies as likely faults, making it possible to operate stably even on new
or inadequately monitored installations.

The moderate AUC of 0.61 of the ‘autoencoder’ is the program’s key result, with
a clear technical interpretation: ‘a randomly selected ‘anomaly’ sample has only a 0.61
probability of being labeled a ‘higher” reconstruction error than a randomly selected normal
sample’. This quantifies the significant overlap in distributions (as seen in Figure 3) and
recognizes the anomaly detection sensitivity as the primary bottleneck and most critical
area for future work.

In addition, the modularity of the system simplifies maintenance and enables op-
timization of each stage independently. The analysis correctly pinpointed the primary
performance bottleneck: the moderate sensitivity of the anomaly detection module. How-
ever, the design ensures that the faults that are detected are alarmed with high confidence.
From a practical standpoint, especially for operations teams and asset managers, this kind
of deterministic behavior might be more desirable than a model with moderately higher
accuracy but vague and unpredictable failure modes.

6.1. Comparison with Existing Methods

To evaluate the effectiveness of the proposed hybrid method using autoencoders
and random forest classifiers, we compare it with several commonly used techniques
for fault detection and diagnosis in photovoltaic (PV) systems. Table 2 summarizes the
key characteristics of each method based on the literature and practical implementation
considerations.

Unsupervised models like pure autoencoders are excellent at learning normal sys-
tem behavior and flagging new anomalies without having labeled fault data, but they
tend to be poor at fine tuning sensitivity and handling noisy inputs [16,19]. Supervised
learning algorithms such as SVMs and random forests offer better interpretability and
robust classification when there are sufficient fault samples available, but their performance
degrades in temporally correlated or high-dimensional settings [27,29]. Deep architectures
like CNN s for spatial feature extraction, fully connected ANNs for the general pattern
identification, and RNNs (like LSTM autoencoders) for sequential modeling of temporal
structures achieve state-of-the-art detection performance at the cost of considerable com-
putational burdens and reduced transparency [7]. Statistical approaches like PCA remain
attractive due to their simplicity and speed but are limited by linear assumptions [7,9]. By
contrasting these methods, we highlight how our two-step hybrid leverages the anomaly-
screening feature of autoencoders and the decision explainability of random forests to
achieve outstanding accuracy and real-time usability based on sparsely labeled data. This
comparative framework not only emphasizes the advantages of our method’s balanced
sensitivity, strong resilience to unseen faults, and interpretability but also gives clear av-
enues for future optimizations, e.g., optimization of computational cost or inclusion of
sequence-aware classifiers for more complex fault scenarios.
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6.2. Practical Deployment Considerations

The successful transition of this FDD model as a theoretical approach into an effective
field application depends on various engineering considerations. The availability of the
data inputs’ required voltage, current, irradiance, and temperature are standard parameters
monitored by most of today’s Supervisory Control and Data Acquisition (SCADA) systems
employed in GCPV plants, making data availability feasible. The model can be realized
as part of the software component of the plant monitoring system. Computationally,
the trained LSTM-AE and random forest models are relatively lightweight in contrast to
larger deep learning models, allowing for their deployment on edge devices for real-time
inspection or a central cloud server for scheduled fleet-wide diagnostics without requiring
massive computing resources.
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Table 2. Detailed comparison of various methods for PV fault detection and diagnosis.
Method Type Typical Key Strengths Main Weaknesses Data Needs Real-Time Interpretabilit
M Accuracy y 8 Suitability P y
. . . Learns normal behavior Needs lots of healthy data Medium .
Autoencoder Unsupervised DL Medium-High Detects novel faults Tuning sensitive (unlabeled) High Low
. . Robust to overfitting Requires labeled faults Low-Medium . .
Random Forest Supervised ML Medium Easy to tune Struggles with high-dim raw signals (labeled) High High
. . Unsupervised anomaly filtering Two-stage complexity . .
AE + RF (Proposed) Hybrid (DL + ML) High Transparent classification Higher training cost Medium High Moderate
. . Good for small datasets Poor scalability
SVM Supervised ML Medium Strong theoretical foundation Kernel choice critical Low (labeled) Moderate Moderate
CNN Supervised DL High ﬁgtomatlc feature learning Black-box High Moderate Low
igh accuracy Heavy compute
. . . Flexible architectures Prone to overfitting .
ANN (EC) Supervised DL Medium-High Good baseline Needs careful tuning High Moderate Low
. . Simple anomaly detection Linear assumptions Medium . .
PCA Unsupervised Stat Low-Medium Fast Limited to global faults (unlabeled) High High
. Captures temporal dependencies Very heavy compute .
RNN (e.g., LSTM-AE) DL Seq. Model High . . High Low-Moderate Low
Good for time series

Hard to interpret
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7. Conclusions and Future Work

This research developed and evaluated a hybrid Al GCPV fault detection and diag-
nosis framework, confirming that a two-stage LSTM-AE and random forest setup is an
effective, interpretable diagnostic system. The primary contribution of this research is the
critical consideration of this approach as a valid engineering trade-off, prioritizing diag-
nostic interpretability and safety over incremental enhancements of one accuracy metric.
By design, the model reduces reliance on large labeled fault datasets and provides a good
method of addressing novel anomalies.

Our analysis identified the limited sensitivity of the Stage 1 anomaly detector (AUC of
0.61) as the overall performance bottleneck. Future work must therefore concentrate on
several key areas of enhancement and validation:

1.  Incorporating more fault signatures: Future work should include training the model
on more fault signatures like inverter faults, arc faults and line-to-ground faults).

2. Enhancing Anomaly Detection: The next logical step is to explore more advanced
architectures for the Stage 1 detector to improve its sensitivity. This includes ex-
perimenting with alternative models such as variational autoencoders (VAEs) or
Transformer-based autoencoders, which may better capture the complex distribu-
tions of PV system data.

3. Broadening Benchmarks: To better situate the model’s performance, future work
should include a broader comparative analysis against other hybrid FDD models (e.g.,
CNN-LSTM) and standalone unsupervised detectors like isolation forest.

4. Methodological Rigor: To ensure that the results are robust and not subject to the
randomness of a single data partition, subsequent studies should employ a K-fold
cross-validation process.

5. Real-World Data Validation: While the synthesized data used in this study facilitate
controlled analysis, the most critical future work is to validate and refine the model
using data from an operational PV plant. This is essential to test its performance
against the noise, complexity, and variability of real-world conditions.
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