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Abstract

This study aims to develop a deep learning framework for intelligent fault detection, classification, and multi-
level localization in rooftop photovoltaic (PV) systems. The proposed approach uses a hybrid CNN-LSTM
architecture that combines a one-dimensional convolutional neural network (1D-CNN) to identify local spatial
patterns with long short-term memory (LSTM) units to capture long-term temporal dependencies in time-series data.
The framework was evaluated on a multivariate dataset collected from a grid-connected experimental rooftop PV
prototype under various fault scenarios. Experimental results demonstrate that the hybrid model significantly
outperforms standalone 1D-CNN and LSTM architectures across all evaluation criteria. Specifically, the proposed
framework achieved classification accuracies of 99.96% for fault type identification, 98.76% for string-level fault
localization, and 99.21% for module-level fault localization. These findings highlight the effectiveness and

robustness of the hybrid framework for real-time monitoring and reliable fault diagnosis in photovoltaic installations.
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1. Introduction

The escalating global demand for clean and sustainable energy has significantly accelerated the adoption of rooftop
photovoltaic systems (RPS) as an important component of modern power systems [1]. By enabling decentralized electricity
production, RPS effectively reduce reliance on fossil fuels while contributing substantially to the mitigation of greenhouse gas
emissions [2]. However, these systems are frequently exposed to highly dynamic and harsh environmental conditions, where
factors such as intense solar irradiance, temperature fluctuations, dust accumulation, and extreme weather events can severely
impact performance and operational lifespan. Such adverse conditions often lead to various fault types, including string-to-
string (STS), string-to-ground (STG), and open-circuit (OC) faults [3-5]. If these anomalies are not detected and addressed

promptly, they can result in significant power losses, accelerated equipment deterioration, and serious safety hazards [6].

To ensure the reliability and efficiency of PV systems, numerous diagnostic techniques have been explored. Conventional
fault diagnosis methods are primarily based on analytical models, threshold-based techniques, or hardware-intensive
monitoring. While these provide a baseline for system health, they often exhibit limitations such as low sensitivity to incipient
faults and a heavy dependence on accurate mathematical models [7]. To overcome these limitations, signal-processing-based
techniques have been introduced to extract fault-related characteristics from electrical signals through time—frequency analysis,

wavelet transforms, and current-voltage (I-V) curve interpretation [8].

In recent years, data-driven approaches based on machine learning (ML) and deep learning (DL) have gained considerable
attention due to their ability to model complex nonlinear relationships directly from operational data. Advanced architectures,

particularly one-dimensional convolutional neural networks (1D-CNNs) and long short-term memory (LSTM) networks, have
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demonstrated outstanding performance in automatically learning patterns from time-series data [9]. Specifically, 1D-CNNs
are effective for extracting local spatial and temporal features, while LSTM networks excel at modeling sequential data and

preserving temporal information through gated memory mechanisms [10].

Despite these advancements, several research gaps persist. Most existing studies focus primarily on fault detection and
classification, while fault localization at the module and string levels remains insufficiently investigated. Furthermore, many
current approaches rely on high-dimensional datasets or additional sensing infrastructure, which increases implementation
complexity and operational costs [11]. Regarding architecture, 1D-CNN models have limited capability for capturing the long-
term temporal dependencies inherent in PV dynamics. Conversely, while LSTM networks are advantageous for historical
context, they are often less effective in extracting localized discriminative features. Additionally, many studies have been
conducted under controlled laboratory conditions rather than in real-world rooftop PV environments, which limits their

practical applicability [12].

This study proposes a hybrid CNN-LSTM framework that integrates the complementary strengths of both architectures
for multi-level fault diagnosis. By combining the spatial feature extraction of 1D-CNNs with the sequential learning
capabilities of LSTM networks, the proposed model aims to achieve simultaneous fault type classification, string-level
localization, and module-level identification [13]. This study focuses on using a minimal set of commonly available signals,
including string currents, string voltages, and ambient temperature, to provide a robust, scalable, and highly accurate solution
for real-time monitoring in actual photovoltaic installations. This integrated approach is expected to provide a more
comprehensive spatio-temporal feature representation than standalone models, thereby improving reliable performance under

real-world uncertainties.

2. Proposed Solution

This study proposes a comprehensive deep learning framework for multi-level fault detection and diagnosis in rooftop
photovoltaic (PV) systems. The proposed framework is designed to simultaneously achieve three key diagnostic objectives:
fault type classification (including string-to-string (STS), string-to-ground (STG), and open-circuit (OC) faults), string-level
fault localization, and module-level fault localization. To effectively model the complex spatio-temporal behaviour of rooftop
PV systems, a hybrid CNN-LSTM architecture is introduced. This integrated approach combines the feature extraction
capability of 1D-CNNs with the sequential learning strength of LSTM networks, thereby enabling robust and efficient feature

learning from multivariate time-series data.

The hybrid model begins with a 1D-CNN architecture, which is employed as the primary framework for fault
classification due to its effectiveness in extracting local temporal features from time-series data. The 1D-CNN architecture is

described as follows:
Given a multivariate input signal x(t, j), the convolution output of the " channel at position t is defined as:

L-1

y, ()= f[i xj(st+i)wryj(i)+brj, r=,2,..,R (D)

j=1 i=0

where j denotes input feature index (channel index), j = 1,2, ..., K; x; () is the input signal of the jtt feature; y,.(t) is the
output of the " filter at position t; K is the number of input features; L is the kernel size along the temporal dimension;R is
the number of filters; w;; (i) denotes it" kernel weight connecting j input feature to filter outputr; b,. is the bias term; s is the

stride of convolution operation; t is the temporal index; and f(+) is the activation function introducing non-linearity. The overall

architecture of the proposed hybrid CNN-LSTM framework is illustrated in Fig. 1.
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Fig. 1 Hybrid CNN-LSTM architecture for rooftop photovoltaic systems

In convolutional neural networks (CNNs), activation functions play a fundamental role in introducing non-linearity into
the model, thereby enabling the extraction of complex temporal patterns embedded in time-series data. Various activation
functions have been proposed, including Leaky ReL U, ELU, and GELU. Nevertheless, the rectified linear unit (ReLU) remains
the most widely adopted activation function in time-series analysis [14]. Its popularity can largely be attributed to its
computational efficiency, structural simplicity, and consistently strong empirical performance across diverse deep learning

applications. The ReLU function is mathematically defined as follows:
f (z) = max(0,z) )

where z denotes the input to the activation function.
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Following the convolution and activation stages, a pooling layer is employed to reduce the temporal dimensionality of
the extracted feature maps while retaining the most informative characteristics [15]. Among the various pooling techniques,
max pooling is the most widely adopted due to its effectiveness in capturing salient local features. Specifically, max pooling
selects the maximum value within each pooling window, thereby preserving significant activations and fault-related patterns
while suppressing irrelevant noise [16]. This process not only reduces computational complexity and improves generalization
capability, but also enhances robustness against minor temporal variations in feature patterns, making it particularly suitable

for time-series fault detection tasks. The max pooling operation is mathematically expressed as:

Py (t,) = maxy, (1 +1) ©

where p, (tp) denotes pooled output of the rt" feature map at pooled outputtemporal index tp, M denotes pooling window size,

s is the stride of the pooling operation, i is the index within the pooling window, y, is the output of the " filter at position t.

To effectively capture temporal dependencies and sequential dynamics in time-series data, an LSTM network is employed.
Unlike 1D-CNNs, which primarily extract local temporal patterns within fixed receptive fields, LSTM networks are
specifically designed to model long-term dependencies across time steps through gated recurrent mechanisms. This capability

makes LSTM particularly advantageous for tasks where historical context and temporal continuity play a critical role [17].

At each time step t, the LSTM cell maintains and updates both a hidden state h, and a cell state C;, enabling the selective

retention and propagation of relevant information over long temporal sequences [18].

The cell state functions as a persistent memory mechanism that enables the retention and propagation of long-term
dependencies across time steps, while the hidden state represents the current output and encodes short-term contextual
information of the network. The interaction between these states is regulated by a set of gating mechanisms—including input,
forget, and output gates—which regulate information flow and mitigate issues such as vanishing gradients. These operations

are formally described through nonlinear gating functions and state update equations, as follows:

fi=oW[h 1 x]+b;) @)
i =oW[h ., x]+b) ®)
Cy = tanh(W,[h_;, X ]+b.) (6)
c =f,0C,+iC,) @)
0, = Wo[h 1, %]+b,) (8
h =0, O tanh(C,) 9)

where x, denotes the input at time step t; h,_;and C._, represent the hidden and cell states from the previous time step;
We, Wi, We, W, and by, by, b, b, are learnable weight matrices and bias terms; o (*) is the sigmoid activation function; and ©

denotes element-wise multiplication.

The forget gate f; controls the retention of past information, the input gate i, determines the amount of new information

to be stored, and the output gate o, regulates the information propagated to the next layer.

Through these mechanisms, the LSTM effectively captures both short-term variations and long-term dependencies,
making it highly suitable for modeling complex temporal patterns in PV time-series data. The processing of temporal

information within the LSTM unit is illustrated in Fig. 2.
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Fig. 2 The processing of temporal information within the LSTM

3. Experiment Setup

3.1 Experimental platform of the rooftop photovoltaic system

The experimental platform consists of a 5-kWp grid-connected (on-grid) rooftop photovoltaic (PV) system composed of
two parallel strings, each comprising six series-connected modules, interfaced with a three-phase grid through a

KacoBlueplanet 10.0 TL3 inverter. The overall configuration of the experimental platform is illustrated in Fig. 3.
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Fig. 3 Experimental platform of the research rooftop photovoltaic system

Ethernet

The architecture integrates a reconfigurable contactor-based switching network, multi-level sensing, and a real-time data
acquisition system, enabling both normal operation and controlled fault injection for data-driven analysis. The PV strings are

connected in parallel at the DC bus, reflecting a typical rooftop installation and ensuring realistic operational conditions.

A flexible reconfiguration network is implemented using contactors, where K1-K5 and K6-K10 control module-level
interconnections in String 1 and String 2, respectively, allowing the emulation of open-circuit faults, mismatch conditions, and
partial shading scenarios. At the string level, contactors K11 and K12 enable grounding and isolation of each string to simulate
insulation and ground faults, while K13 provides cross-string interconnection for generating complex fault conditions such as

leakage currents and inter-string disturbances.



6 International Journal of Engineering and Technology Innovation, vol. x, no. X, 20xX, pp. XX-Xx

The system is equipped with a hierarchical sensing structure, including string-level measurements of voltage (V,,V,) and
current (I, I,) to capture global behavior, as well as module-level measurements (V;y; and V,y,4) corresponding to the first
module in each string, enabling localized fault detection and diagnosis. Additionally, a temperature transmitter is incorporated
to account for environmental influences on PV performance. The specifications of the PV modules and inverter used in the

experimental setup are presented in Table 1.

Table 1 Specifications of the inverter and solar panel

Inverter Solar Panel
Manufacturer KACO new energy Manufacturer Sharp corporation
Model Blueplanet 10.0 TL3 M2 | Photovoltaic module model NU-JD440
Three-phase :
Inverter type grid-connected Maximum power (Pmax) 440 Wp
Rated_ apparent power 10 KVA Open-circuit voltage 49.77 V (x10%)
Maxm%rnalgg Input 1000 V Short-circuit current 11.49 A (£10%)
MPPT voltage range 470-800 V Voltage atﬁ;’gg“”‘ power 4120V
DC operating voltage Current at maximum power
range 200-950 V (Impp) 10.68 A
Nominal AC voltage 230 V /400 V (3/N/PE) Maximum system voltage 1500 V
Maximum continuous Maximum over-current
AC output current 3x155A protection 20A
Grid frequency 45-65 Hz - -

All sensor data are acquired via distributed remote stations and transmitted through a Modbus communication network
to a Siemens SIMATIC S7-1200 programmable logic controller (PLC), which interfaces with a supervisory computer via

Ethernet for real-time monitoring, storage, and analysis.
3.2 Prototype implementation of the rooftop photovoltaic system

To validate the proposed fault diagnosis framework under realistic operating conditions, a full-scale experimental
prototype was developed, comprising both a rooftop PV installation and an indoor control cabinet. The prototype represents a
complete cyber-physical PV system integrating power generation, monitoring, control, and fault injection capabilities.

The rooftop PV system consists of multiple photovoltaic modules mounted on an inclined roof structure, replicating
typical real-world installation conditions. The panels are arranged in string configurations and exposed to natural
environmental variations, including solar irradiance and temperature fluctuations. This setup ensures that the acquired data

reflects realistic operating conditions, including dynamic changes in electrical output due to environmental factors.

The generated DC power from the rooftop PV array is routed to an indoor control cabinet, which serves as the central hub
for power conversion, measurement, control, and data acquisition. The PLC communicates with distributed measurement
modules via a Modbus network, enabling real-time acquisition of electrical signals, including string currents, string voltages,

module-level voltages, and environmental temperature.

To enable systematic fault simulation, a contactor-based switching network is implemented inside the cabinet. This
network corresponds to the defined contactors (K1-K13) and allows controlled emulation of various fault scenarios, including
open-circuit faults, ground faults, and cross-string faults. The modular arrangement of contactors facilitates flexible

reconfiguration of the PV strings and supports repeatable experimental conditions.
3.3 Dataset construction

To establish a comprehensive dataset for fault diagnosis, a total of 14 input features were extracted from the experimental
rooftop PV system, combining both directly measured signals and derived features to capture the electrical behavior of the
system under various operating conditions. Specifically, seven primary features were acquired directly from the experimental
setup and were subsequently normalized to a range of [0, 1] to ensure numerical stability and improve model convergence.
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These features include the string currents I;and I,, the string voltages V; and V,, the module-level voltages of the first

module in each string V3,4, and V,,,, and the environment temperature. The normalized variables are denoted as 11 ,,orm,

Il_norml Vl_normr VZ_normr VIMl_norm! V2M1_norm! and tempnorm'

To enhance the discriminative capability of the dataset, seven additional features were derived from the primary
measurements to characterize current distribution, voltage imbalance, and power asymmetry between the two strings. These

additional features are defined as:

I, _norm
l,, _norm = = (10)
I,_norm+1,_norm+¢
I, _norm
l,, _norm= = 11)

I,_norm+1,_norm+e¢

I, _norm—1, _norm
imp — NOrM = (12)
l,_norm+1, _norm+e¢

B _norm—P, _norm
P _norm = (13)
R _norm+P, _norm+¢

V, _norm+V, _norm

Viean _NOrM = . (14)
Vi _norm =V, _norm-V, _norm (15)

V, _norm-V, _norm
_norms= (16)

V, _norm+V, _norm

V.

where e = 107 is a small constant introduced to avoid division by zero.

These derived features are specifically designed to capture inter-string inconsistencies and suppress common-mode

variations, thereby improving fault sensitivity.

The dataset comprises 35,508 time-series samples, each represented by 14 input features, and was randomly divided into
training (70%), validation (15%), and testing (15%) subsets. This resulted in 24,855 samples for model training, 5,326 samples
for validation and hyperparameter tuning, and 5,327 samples for independent performance evaluation. The input sequences
and the three corresponding output labels—fault type, faulty string, and faulty module—were partitioned simultaneously to

preserve the correspondence between each input sample and its associated multi-output targets.

The proposed hybrid CNN-LSTM model was trained using TensorFlow in the Google Colab environment with an
NVIDIA T4 GPU. The trained model was subsequently deployed for real-time fault diagnosis on a standard PC equipped with
an Intel(R) Core(TM) i5-14500 processor (2.60 GHz) and 16 GB RAM. The ability to perform inference without GPU

acceleration demonstrates the suitability of the proposed framework for practical real-time PV monitoring applications.

4. Results and Discussion

The dataset was constructed by considering 31 unique combinations of fault type, fault location, and module index,
encompassing normal operation, string-to-earth faults, string-to-string faults, and open-circuit conditions. For each
combination, over 1,146 samples were collected, resulting in a total of 35,508 samples. Each sample consists of 14 input
features, yielding a total of 497,112 data points for training and evaluation. The resulting multivariate time-series dataset was
utilized to train and validate the proposed deep learning framework based on 1D-CNN and LSTM networks, enabling accurate

fault classification and localization in the PV system.
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The performance of the proposed fault diagnosis framework was evaluated using four standard classification metrics,
namely accuracy, precision, recall, and F1-score. The evaluation was conducted at three levels: fault type classification, string-
level localization, and module-level localization. A comparative analysis of the fault type classification performance of the
1D-CNN, LSTM, and hybrid CNN-LSTM maodels is presented in Table 2.

Table 2 Fault type classification performance

Model Accuracy (%) | Precision (%) | Recall (%) | F1-score (%)
1D-CNN 99.64 99.64 99.64 99.63
LSTM 99.91 99.91 99.91 99.91
Hybrid CNN-LSTM 99.96 99.96 99.96 99.96

As shown in Table 2, all three models achieved excellent performance in fault type classification. However, the Hybrid
CNN-LSTM model demonstrated the best overall results, consistently outperforming the 1D-CNN and LSTM models across
all evaluation metrics. Specifically, the Hybrid CNN-LSTM attained an accuracy, precision, recall, and F1-score of 99.96%,
surpassing the LSTM model’s 99.91% and the 1D-CNN model’s 99.64% accuracy and precision values. These findings
indicate that integrating CNN and LSTM architectures enables the hybrid model to capture both spatial features and temporal

dependencies more effectively, thereby enhancing classification performance and robustness in photovoltaic fault diagnosis.

Table 3 presents the performance results for string-level fault localization. Similar to the fault classification task, the
Hybrid CNN-LSTM model achieved the highest performance across all evaluation metrics, outperforming both the standalone
1D-CNN and LSTM architectures. In particular, the Hybrid CNN-LSTM attained an accuracy, precision, recall, and F1-score
0f 98.76%, exceeding the LSTM model’s 98.65% and significantly surpassing the 1D-CNN model’s results of approximately
95.04-95.06%. These findings demonstrate that the hybrid architecture is more effective at capturing both local spatial patterns
and long-term temporal dependencies within PV string data. Consequently, the proposed Hybrid CNN-LSTM model provides
more accurate and reliable string-level fault localization, making it highly suitable for real-time photovoltaic monitoring and
diagnostic applications.

Table 3 String-level localization performance

Model Accuracy (%) | Precision (%) | Recall (%) | F1-score (%)
1D-CNN 95.04 95.06 95.04 95.04
LSTM 98.65 98.65 98.65 98.65
Hybrid CNN-LSTM 98.76 98.76 98.76 98.76

Module-level fault localization represents the most challenging diagnostic task, as it requires the identification of subtle
variations within individual strings. As presented in Table 4, the hybrid CNN-LSTM architecture consistently demonstrates
superior performance. Specifically, the proposed hybrid model achieves the highest accuracy, recall, and F1-score of 99.21%,
along with a precision of 99.22%, outperforming the LSTM model, which achieves 98.61% across all evaluation metrics, and

the 1D-CNN model, which records 96.32% accuracy, recall, and F1-score, with a precision of 96.35%.

Table 4 Module-level localization performance

Model Accuracy (%) | Precision (%) Recall (%) | Fl-score (%)
1D-CNN 96.32 96.35 96.32 96.32
LSTM 98.61 98.61 98.61 98.61
Hybrid CNN-LSTM 99.21 99.22 99.21 99.21

The performance gap becomes more evident at the module level due to the increased complexity and finer granularity of
the classification task. The superior performance of the hybrid CNN-LSTM model suggests that the effective integration of

local feature extraction and long-term temporal dependency modelling is essential for accurate module-level fault diagnosis.

Compared with recently published fault diagnosis methods, which reported accuracies ranging from 81.73% to 99% [13],

the proposed hybrid model achieved better performance in terms of accuracy, precision, recall, and F1-score.
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In addition to the fault type classification results, the performance of the proposed hybrid CNN-LSTM model was further
evaluated for string-level and module-level fault localization using receiver operating characteristic (ROC) curves and the
corresponding area under the curve (AUC) values. As illustrated in Fig. 4, the ROC curves for all three classification tasks are
concentrated near the upper-left corner, demonstrating excellent discriminative capability. Furthermore, the AUC values

approach 1.0 for all classes, confirming the high accuracy, robustness, and reliability of the proposed model in fault
classification and localization.
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Fig. 4 The ROC curves and AUC of the hybrid CNN-LSTM model

The experimental results highlight the significant influence of model architecture on the performance of photovoltaic (PV)
fault diagnosis. While the 1D-CNN effectively captures local temporal features, the LSTM consistently outperforms it across
all evaluation metrics, emphasizing the importance of modeling temporal dependencies in PV time-series data. This advantage

becomes increasingly evident as task complexity grows, particularly in string-level and module-level fault localization.

From a physical perspective, PV faults such as open-circuit and ground faults introduce time-varying fluctuations in
current and voltage signals. The LSTM’s capability to retain sequential information enables more effective learning of these
evolving patterns, whereas the 1D-CNN is limited to short-range feature extraction. Therefore, incorporating temporal

modeling is essential for accurately capturing fault dynamics and improving localization performance.

At the module level, all models exhibit reduced performance, reflecting the inherent challenges of fine-grained fault
localization. This degradation is primarily attributed to the similarity of fault signatures within the same string and the limited
resolution of available measurements. These findings indicate that diagnostic accuracy depends not only on model architecture
but also on sensing resolution and signal separability.

Although the proposed CNN-LSTM framework achieved excellent fault diagnosis performance, some limitations should
be acknowledged. First, the model was developed, trained, and validated using the same data collected from a single 5-kWp
rooftop PV system under controlled experimental conditions. Consequently, the proposed framework may have limited
generalizability to PV systems with different capacities. In addition, the current study considers only three representative fault
types (open-circuit, short-circuit, and ground faults), whereas practical PV systems may experience more complex conditions,
such as partial shading, module degradation, and hotspot formation.

5. Conclusion and Future Works

This research developed and implemented a comprehensive deep learning framework for the intelligent detection,
classification, and multi-level localization of faults in rooftop photovoltaic systems. The study introduced a hybrid CNN—
LSTM architecture that integrates the spatial feature extraction capabilities of one-dimensional convolutional neural networks
with the sequential learning strengths of long short-term memory units. To validate the approach, a full-scale experimental

rooftop PV prototype was constructed, enabling the collection of multivariate time-series data under various real-world fault
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scenarios, including string-to-string, string-to-ground, and open-circuit conditions. The framework was systematically

evaluated against standalone 1D-CNN and LSTM maodels to establish its effectiveness. Based on the experimental results and

analysis, the following conclusions are drawn:

(1) The hybrid CNN-LSTM model consistently outperforms standalone 1D-CNN and LSTM architectures across all

evaluation criteria, including accuracy, precision, recall, and F1-score.

(2) The proposed framework achieves exceptional performance levels, reaching 99.96% accuracy for fault type classification,

98.76% for string-level localization, and 99.21% for module-level localization.

(3) While 1D-CNNs are effective at capturing local signal patterns, modeling long-term temporal dependencies through

LSTM units is essential for accurately capturing the time-varying fluctuations and evolving patterns inherent in PV fault
dynamics.

(4) The system demonstrates high diagnostic robustness using a minimal set of commonly available signals - specifically

string voltages, currents, and ambient temperature - making it a cost-effective and scalable solution for real-time
monitoring in existing photovoltaic installations.

Future work will focus on collecting long-term field data under diverse environmental and operating conditions such as

partial shading, module degradation, and hotspot formation, extending the framework to PV systems with different capacities,

and validating real-time fault diagnosis on previously unseen PV systems.
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