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Abstract—In the model-based approach, a trusted
and reliable photovoltaic (PV) array model pro-
vides an essential baseline for monitoring the
system’s health and diagnosing any underperfor-
mance. To this end, this article proposes a three-
phase methodology for developing a robust PV
plant model and implementing a fault detection
and diagnosis mechanism, suitable for large-scale
grid-connected PV systems. The first stage in-
volves constructing a single-layer hybrid CNN-
LSTM model aimed at predicting photovoltaic
power generation. This model uses real-world
measured data obtained from a large-scale, grid-
connected photovoltaic system operating in Alge-
ria. In this architecture, the convolution layer
acts as a feature extractor, identifying local pat-
terns in the measured data. Meanwhile, the LSTM
component captures temporal dependencies. In
the second phase, an automated inspection plat-
form is developed, leveraging the evaluation of the
Corrected Performance Ratio (CPR) for each in-
verter within the operational photovoltaic (PV)
system... Next, a lower threshold and an upper
threshold set by Hampel identifier are defined and
processed, allowing the system to detect faults by
generating a faulty signal. The diagnostic pro-
cess is implemented by setting dynamic voltage
and current thresholds derived from the prediction
model. These thresholds are then adjusted adap-
tively to improve the sensitivity of fault detection
for both voltage and current abnormalities. In the
final phase, the proposed supervision system is im-
plemented as a standalone graphical user interface
(GUI) application based on the developed method-
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ology. This validates its applicability for photo-
voltaic (PV) supervisory control and data acqui-
sition (SCADA) systems. Evaluated case studies
demonstrate the effectiveness of this approach in
detecting typical PV systems faults, such as short
circuits, string disconnections, and partial shading
effects.

Keywords—PYV prediction; computational modeling; re-
gression techniques, Correction performance ratio, GUI
application

1. INTRODUCTION

With the global push towards renewable energy, photo-
voltaic systems have emerged as essential components of sus-
tainable power generation [1}[2}3,/4]. However, their perfor-
mance and efficiency are regularly hampered by several faults,
leading to significant power losses, poor performance, and re-
duced output. Over time, these issues result in high operating
costs due to increased maintenance needs. To enhance the re-
liability and sustainability of PV systems, effective fault detec-
tion systems are necessary. Despite advances in PV technology,
fault detection in real-world conditions remains challenging due
to environmental variability and the diverse nature of faults,
including sensor malfunctions |5]. Fault detection methods of-
ten struggle with the complexity and scale of large PV instal-
lations, particularly when it comes to handling thousands of
modules operating in constantly changing weather conditions.

A key step in developing a robust fault detection strategy
is establishing an accurate PV array model, which serves as
the foundation for identifying and analyzing potential faults,
ensuring optimal system performance |6]. This modeling ap-
proach faces significant challenges, particularly in predicting
PV system output accurately, as PV performance is highly
sensitive to the dynamic meteorological factors such as solar



irradiance, wind speed, temperature, cloud cover, and mod-
ule temperature |7]. These factors exhibit temporal variability,
complicating the prediction of energy yield. Thus, predicting
PV output is essential not only for fault detection but also
for grid integration and stable power supply. To address these
challenges, various prediction methods have been developed,
including physically based models, data-driven statistical mod-
els, and hybrid systems that combine both approaches. Phys-
ically based models [8,|9] rely on deterministic equations and
meteorological variables but struggle during periods of rapid
environmental change. Data-driven models, on the other hand,
analyze historical data to detect patterns and provide flexibil-
ity in diverse scenarios [10l|11}[12]|. In addition to model-based
and data-driven prediction techniques, other research has high-
lighted the use of the Corrected Performance Ratio (CPR) for
fault detection in PV systems, which adjusts the conventional
performance ratio by accounting for environmental variations
to improve fault isolation accuracy. A fault diagnosis frame-
work was proposed using SCADA data from a 40 MW PV
plant, incorporating CPR for fault isolation alongside statis-
tical detection and anomaly-based classification. However, its
diagnosis phase considers only two fault categories: recoverable
and unrecoverable faults [13]. Hybrid systems aim to enhance
prediction accuracy under varying conditions |14]. Machine
learning (ML) techniques, such as artificial neural networks
(ANN), long short-term memory (LSTM) networks, and sup-
port vector machines (SVM), have gained prominence in PV
power forecasting due to their ability to model complex, non-
linear relationships.

While accurate prediction of PV output is crucial, it must
be complemented by effective fault detection mechanisms to
ensure reliable system operation. Choosing suitable fault de-
tection methods is also challenging, as the effectiveness of
these methods directly impacts the timely identification of
faults, which is essential for minimizing losses [14]. Traditional
threshold-based methods [15,{16], which analyze electrical pa-
rameters such as current and voltage, are limited by the need
for parameter calibration, which can be resource-intensive and
difficult to scale. Machine learning-based methods have been
extensively explored to address these challenges. For instance,
neural networks have been employed for fault diagnosis by an-
alyzing attributes such as current and voltage under varying
operating conditions [17]. Additionally, Liu et al. proposed
a fault diagnosis method for photovoltaic arrays utilizing a
stacked auto-encoder (SAE) combined with clustering. This
approach automatically extracts features by analyzing inher-
ent I-V characteristics, facilitating effective fault detection and
classification diagnosis [18]. Similarly, based on output I-V
characteristic curves and input ambient condition data, a novel
deep residual network (ResNet) based on an intelligent fault
detection and diagnosis approach was proposed by Chen et
al. [19] to improve diagnostic accuracy. However, these meth-
ods often require large, diverse datasets and are sensitive to
environmental variability. Recent studies, such as those using
convolution neural network (CNN) [20], have achieved high
accuracy in identifying anomalies, but their reliance on image-
based data and the challenges of generalizing across different
environments remain limitations. Moreover, most of these ap-
proaches fail to specifically tackle sensor-related faults, such as
misaligned pyranometers, which can result in erroneous irra-
diance readings and ultimately reduce the reliability of fault
detection.

To overcome these challenges, the present work’s contribu-
tions involve developing a robust CNN-LSTM PV model that
is the foundation for monitoring and fault detection. Addi-
tionally, a fault detection procedure based on CPR analysis is
introduced. This method focuses on identifying a lower thresh-
old, determined using the Hampel identifier, to effectively de-
tect and diagnose faults within the PV system. Finally, inte-
grating the supervision system based on the best-performing
model into a standalone GUI application based on Python to
facilitate predictions. This methodology provides an efficient,
scalable solution for detecting and classifying faults in large PV
systems, ultimately improving system reliability and reducing
maintenance costs.

The adopted methodology unfolds in three crucial phases:

The first phase involves building a reliable and accurate
photovoltaic (PV) power prediction model. This model serves
as the cornerstone for monitoring the performance of the PV
system and identifying anomalies. Historical operational data
from the PV plant, including meteorological and electrical pa-
rameters (such as irradiance, temperature, Ppc, Vpe, and
Ipc), are collected and preprocessed. The model is trained
using advanced deep learning architectures, particularly a one-
layer CNN-LSTM hybrid, that captures both spatial patterns
and temporal dynamics of the data. This model not only pre-
dicts expected PV output under normal conditions but also
forms a baseline for detecting deviations that may indicate
faults. Moreover, this phase includes a correction mechanism
for sensor-related anomalies, such as misaligned pyranometers,
that could distort the accuracy of environmental inputs. By
improving the reliability of input data, the system enhances
prediction precision and reduces the risk of false positives or
missed detections.

In the second phase, the methodology introduces a fault
detection framework that analyzes the Corrected Performance
Ratio (CPR) of each inverter in the PV system. A lower thresh-
old, determined using the Hampel identifier, is established to
detect faults by generating a fault signal. Additionally, two in-
dicators based on adaptive boundaries derived from predicted
current and voltage values are introduced. By evaluating the
fault signal against these adaptive limits, the system can ac-
curately identify the fault type (e.g., shading, soiling, degrada-
tion, or string disconnection).

The final phase of this paper involves deploying the trained
model within a standalone GUI monitoring platform. Each
day, the application processes the PV data to calculate key pa-
rameters such as yield, energy losses, and the Corrected Per-
formance Ratio (CPR) and then runs the detection and diag-
nosis procedure using these dynamic metrics. With a scalable
backend infrastructure and interactive user interfaces, the plat-
form generates daily fault alerts based on CPR deviations and
dynamic prediction boundaries. It also provides end-of-day
performance reports and decision-making tools, ultimately en-
hancing system reliability and reducing operational costs.

The rest of the paper is organized as follows: Section 2
presents an overview of the studied site and PV power plant.
Section 3 presents the work methodology, including the predic-
tive models, the fault detection and diagnosis method based on
the CPR metric, and dynamic predictive boundaries. Finally,
Sections 4 and 5 discuss the results and present the conclusions
of the study.



2. EXPERIMENTAL SETUP

2.1 the Dataset

The dataset utilized in this research comes from a grid-
connected, ground-mounted photovoltaic (PV) system situated
in Ain El-Melh, a region in the Algerian highlands bordering
the vast desert. The plant is located at 34°51 N latitude and
04°11 E longitude, with an altitude of 910 meters above sea
level. This PV system is connected to Ain El-Melh’s medium-
voltage network and forms part of a significant 400 MW re-
newable energy project led by SKTM, a Sonelgaz subsidiary.
Under the mandate of the Algerian government to promote re-
newable energy, Sonelgaz has established 23 PV power plants
across the highlands and central regions. Covering an area
of 40 hectares, the Ain El-Melh facility has an installed ca-
pacity of 20 MWp and incorporates design features to maxi-
mize energy output. The system uses poly-crystalline silicon
modules with an efficiency of 15%. These modules are in-
stalled on fixed structures at a tilt angle of 33° facing south
to maximize solar exposure. The rows of PV modules are
spaced 5 meters apart to minimize shading and enhance en-
ergy capture. The power plant employs inverters with a nom-
inal power of 500 kW and transformers rated at 1250 kVA
operating at 47-52 Hz and 315 V/31.5 kV, ensuring efficient
energy conversion and integration into the grid (Figure (1) .
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FIGURE 1: OVERVIEW OF THE 20 MW AIN EL-MELH GRID-
CONNECTED POWER PLANT

The PV modules are connected to 500 kW inverter cabinets
through junction boxes, which serve as the primary source of
data collection. The data was gathered over a four-year period,
from January 1, 2020, to December 31, 2023, with measure-
ments recorded at 15-minute intervals, resulting in a dataset
comprising 69,195 data points. This dataset includes a wide
range of parameters such as solar panel temperature, tilt radi-
ation, total radiation, diffuse radiation, direct radiation, wind
speed, humidity, pressure, voltage, current, and PV power. An
overview of the environmental and electrical parameters of the
PV system is presented in Table

TABLE 1: SUMMARY OF ENVIRONMENTAL AND ELECTRICAL PA-
RAMETERS OF THE PV SYSTEM

Features Description Min Max Average

Tp Panel tempera- —2.5 74.8 27.9
ture (°C)

Gt Tilt  irradiation 0 1566 308
(W/m?)

Giot Total irradiation 0 1396 238
(W/m?)

Gaisp Dispersion irradi- 0 648 74
ation (W/m?)

Gair Direct irradiation 0 1364 234
(W/m?)

WS Wind speed 0 22.2 3.8
(m/s)

H Humidity (%) 0 71.6 35.2

p Pressure (Pa) 0 927 911

Features Description Min Max Average

Vbe Voltage (V) 0 780 323

Inc Current (A) 0 944 183

Ppc Power (kW) 0 569 108

2.2 Data Processing

The data processing phase involved several critical steps to
ensure the quality and usability of the dataset for predictive
modeling. First, the raw data, collected from the inverter cab-
inets and junction boxes, was preprocessed to correct any in-
consistencies, handle missing values, and remove outliers. Data
points with significant errors or gaps were either interpolated or
excluded, ensuring the dataset was both complete and reliable.
A key innovation in this study was the correction of the tilt
radiation data. During the site measurements, it was observed
that the tilt radiation sensor was poorly positioned, causing
shading effects that were not present on the photovoltaic mod-
ules themselves. To address this, the tilt radiation values were
adjusted by scaling them according to the variation in current,
as both parameters were recorded simultaneously. This cor-
rection ensured that the tilt radiation data more accurately
reflected the true solar exposure received by the modules. Ad-
ditionally, the data underwent normalization to scale the values
within a standardized range, which improved the performance
of the proposed models by eliminating any biases introduced
by differing measurement units or magnitudes. Feature selec-
tion was also applied to identify the most relevant variables
for the prediction tasks, removing redundant or irrelevant fea-
tures. Various feature selection techniques, such as correlation
analysis and importance ranking, were used to retain only the
most influential parameters, such as solar panel temperature,
radiation, and environmental conditions, for predicting power,
current, and voltage. Following these pre-processing steps, the
dataset was split into training and testing subsets, with 80%
allocated for model training and the remaining 20% reserved
for testing the model generalization capabilities. These pre-
processing steps were essential in transforming the raw sensor
data into a structured and ready-to-use format for effective
machine learning predictions.



3. METHODOLOGY

This section presents the methodology developed in this
study to enhance the monitoring, prediction, and fault man-
agement of large-scale photovoltaic (PV) systems. The pro-
posed approach is structured around three main components.
First, the architecture and training process of a hybrid deep
learning model, based on a one-layer Convolution Neural Net-
work (CNN) and Long Short-Term Memory (LSTM) are de-
scribed for accurate PV power output prediction. Second,
a robust fault detection and diagnosis procedure is detailed,
leveraging the Corrected Performance Ratio (CPR) and the
Anomaly Frequency Index (AFI) to differentiate between tran-
sient anomalies and persistent faults. Finally, the deployment
strategy is outlined, including the design and implementation
of a standalone graphical user interface (GUI) that seamlessly
integrates both predictive and diagnostic functionalities. The
application processes PV system data at the end of each day
to deliver concise performance evaluations and actionable in-
sights. Together, these components form a comprehensive,
scalable framework aimed at improving the reliability and op-
erational efficiency of PV systems.

3.1 Models Description

Three primary deep learning approaches have shown signifi-
cant promise in capturing temporal dependencies and patterns
in time series data: the one-dimensional Convolution Neural
Network (CNN1D), the Long Short-Term Memory (LSTM)
network, and the Transformer model. These methods have be-
come the focus of much of the recent research due to their effec-
tiveness in various sequential prediction tasks. More recently,
hybrid models that combine the strengths of these architec-
tures, particularly CNNs and LSTMs, have gained attention,
ailming to further enhance prediction accuracy by leveraging
both local feature extraction and long-term temporal model-

ing.

3.1.1 Local Feature Learning with CNN

The convolution neural network (CNN) has demonstrated
strong performance in capturing localized patterns across var-
ious sequential data domains, such as image processing, sen-
sor streams, and time series analysis. A one-dimensional con-
volution layer (ConvlD) extends this capability to temporal
sequences by applying learnable filters over fixed-size slid-
ing windows, enabling the automatic extraction of key tem-
poral features such as peaks, transitions, or periodic struc-
tures—that are critical when sequence order and timing are
relevant [21], as illustrated in Figure [2l Mathematically, given
an input sequence x € RY and a convolution filter (kernel)
w € R¥ the convolution operation produces an output se-
quence y € RN K+ where each element is defined as Equa-

tion :

yli)= > wlj]-zfi+j], fori=0,1,....N—K (1)

yli] = (x+ w)lj]

where:

e x € RY is the input sequence of length N,

e w € R¥ is the convolution kernel (filter) of size K,

ey € RV K+l ig the output feature map of length
N-K+1.
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FIGURE 2: ARCHITECTURE OF A CoONV1D WITH MAX-
POOLING PROCESS

Conv1D has some limitations. It primarily focuses on short-
term dependencies and may struggle to capture long-range
relationships in the data unless it is complemented by addi-
tional layers such as recurrent neural networks (RNNs), long
short-term memory networks (LSTMs), or Transformer mod-
els. Furthermore, effective use of Conv1D requires careful pre-
processing to structure the input data into sequences compat-
ible with convolution operations. To prevent local feature vec-
tors from being used independently, we aggregate them using
a special sub-sampling technique called pooling. Notably, pool-
ing does not discard any useful information [22]. To control
overfitting and reduce computational load, the extracted fea-
ture maps are passed through a pooling layer—typically max-
pooling—defined by Equation , which retains only the most
prominent activation within non-overlapping windows of fixed
length P. Concretely, if the convolution layer produces a one-
dimensional feature map:

} c RN—K+1

y = [y07y17~~~7yN—K

Then, max pooling over windows of size P yields a pooled
feature vector:

p = [po,p1,...,pr-1] € R*,  where L = |_7N_§+1J

Where: and each element of is given by:
for {=0,1,...,L—1
(2)

In other words, for each pooling window {y;p+i}. ', max
pooling selects the single largest activation. This operation
effectively maps:

b = maX(ylP7 Yip+1,-- -, ylPJrP—l),

N—K+1
RN -K+1 J

—>RL P

thus reducing dimensionality while preserving the most
salient features in each local region of the sequence.

38.1.2 LSTM Layer
Long Short-Term Memory (LSTMs) networks, introduced

by Hochreiter and Schmidhuber, are an advanced form of Re-
current Neural Networks (RNNs) specifically designed to cap-



ture long-term dependencies in sequential data. Unlike tradi-
tional RNNs, which pass a single hidden state through time and
often struggle with vanishing gradients, LSTMs incorporate a
dedicated memory cell that enables them to retain and man-
age information over extended sequences [23|. This architec-
tural enhancement (see Figure |3) allows LSTMs to effectively
learn temporal patterns and relationships that span long inter-
vals, making them highly suitable for tasks such as language
translation, speech recognition, and time series forecasting.
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FIGURE 3: THE LSTM ARCHITECTURE

An LSTM network is built around a central memory cell
that maintains information over time. This memory is regu-
lated by three primary gates:

e Forget Gate: Decides which information should be dis-
carded from the cell state. It is computed as:

fi =0 (Wy - [he—1,x¢] + by) (3)

e Input Gate: Determines which new information is
added to the cell state. It is computed in two parts:

it = 0 (Wi - [he—1,x¢] + by)
C; = tanh (W, - [hs_1,x;] + b,)

(4)
()

e Output Gate: Controls what information is output
from the memory cell:

ot =0 (Wo . [htfl,xt] + bo) (6)

Through these gates, LSTMs can selectively retain, forget,
or output information, enabling powerful sequence learning ca-
pabilities over long durations.

8.1.83 CNN-LSTM Hybrid Model

The proposed CNN-LSTM model, shown in Figure |4} in-
cludes 1D-CNN layer, one LSTM layer, and a fully connected
layer, combining feature extraction and temporal learning to
improve prediction accuracy. While a standard RNN can pro-
cess sequential data, it often forgets long-term dependencies.
The LSTM component overcomes this limitation by preserving
both short and long-term memory.

Sequance Learning

FIGURE 4: THE PROPOSED CNN-LSTM ARCHITECTURE

The input of the neural network consists of ten variables,
including temperature, irradiance, global radiation, and others
(see the Dataset section for more details). The upper layers of
the CNN-LSTM model begin with a convolution component,
which extracts local spatial patterns from variables that in-
fluence PV power generation, such as temperature, radiation
intensity, and ambient conditions.

The dataset is divided into two parts: 80% is used for train-
ing the model, and 20% is reserved for validation. The CNN
architecture includes an input layer that receives sensor data,
several hidden layers (including a 1-D convolution layer and a
max-pooling layer), and an output layer that transfers feature
representations to the LSTM. While the CNN focuses on cap-
turing local features from input data, the LSTM specializes in
learning temporal dependencies across time steps.

Through this architecture, the model learns an optimized
mapping between input variables and predicted outputs via
weight adjustment. Model hyperparameters such as the num-
ber of layers, filter sizes, and learning rates were tuned em-
pirically using trial-and-error. For each set of parameters, the
model was trained on 80% of the data and validated on the re-
maining 20% %, with performance evaluated seasonally across
different environmental conditions.

To assess the performance of the proposed CNN-LSTM
model, we compare it with standalone LSTM, a deeper CNN-
LSTM variant (5D-CNN-LSTM), and a Random Forest (RF)
model |24]. The results of these comparisons are detailed in
later sections.

Model accuracy was quantified using three standard re-
gression metrics: Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and the coefficient of determination
(R?). These metrics are formally defined in Equations 7@,
and offer insight into the predictive precision and overall
goodness-of-fit of each model [25}/26,(27]:

(7)

(®)

n—1
_ 1
g =13 u O

The evaluation results were then analyzed and compared to
identify the best-performing model for PV generation predic-
tion. This analysis highlighted the strengths and weaknesses
of each approach and guided the selection of the most suitable
model.



3.2 Fault Detection and Diagnosis Method

Photovoltaic (PV) systems are subject to a range of faults
that can compromise energy yield and operational reliability.
To ensure continuous and efficient performance, early identifi-
cation and accurate classification of faults are essential. This
section presents an integrated two-stage framework that first
detects anomalies in system behavior and then diagnoses their
underlying causes. The detection phase identifies deviations in
inverter performance based on a statistical analysis of corrected
performance metrics, while the diagnosis phase classifies fault
types using adaptive predictive boundaries for current and volt-
age derived from a data-driven CNN-LSTM prediction model.
The entire process of the proposed method is outlined in the
flowchart shown in Figure
8.2.1 Fault Detection Approach

The proposed fault detection approach is designed to effi-
ciently identify anomalies in large-scale photovoltaic (PV) sys-
tems by analyzing the Corrected Performance Ratio (CPR)
in conjunction with statistical outlier detection and temporal
fault tracking. This method integrates three key components:
CPR analysis, the Hampel identifier, and the Anomaly Fre-
quency Index (AFI), forming a comprehensive framework ca-
pable of distinguishing between transient anomalies and per-
sistent system faults. The detection process unfolds in the
following structured steps: The proposed fault detection ap-
proach is designed to efficiently identify anomalies in large-scale
photovoltaic (PV) systems by analyzing the Corrected Perfor-
mance Ratio (CPR) in conjunction with statistical outlier de-
tection and temporal fault tracking. This method integrates
three key components: CPR analysis, the Hampel identifier,
and the Anomaly Frequency Index (AFI), forming a compre-
hensive framework capable of distinguishing between transient
anomalies and persistent system faults. The detection process
unfolds in the following structured steps:

A. Performance Metric

The IEC 61724-1 standard defines the Performance Ratio
(PR) as a key metric for evaluating the efficiency of solar power
plants. A drop in the PR value typically indicates a fault con-
dition, enabling operators to identify deviations from normal
system performance. PR is defined as the ratio between the
final energy yield and the reference yield:

_Y

PR
Yr

(10)

where Y7 is the final yield and Y, is the reference yield.

To account for weather-related variations in PV sys-
tem performance, the National Renewable Energy Labora-
tory (NREL) |28] developed the Corrected Performance Ratio
(CPR). It is calculated as:

PR

CPR =
1-— 6(Tcell,Type,avg - Tcell)

(11)

Where:

e Teen: Cell temperature computed from measured mete-
orological data (°C)

® Teell Type_ave: Average cell temperature computed from
one year of weather data using the project weather file

(*C)

e §: Temperature coefficient for power (

This correction ensures that CPR reflects true performance
degradation, independent of natural fluctuations in solar irra-
diance or temperature.

B. Abnormal Behavior Detection — Hampel Identifier

To detect faults in PV inverters, the Hampel identifier is
applied as a robust statistical tool for outlier detection. It
identifies abnormal behavior by flagging data points that fall
outside a defined threshold range. Specifically, an inverter’s
CPR value at time t, denoted as CPR for inverter i, is consid-
ered an outlier if it drops below the lower boundary established
by the Hampel identifier:

Fluctuations and significant performance deviations are
identified when the inverter’s CPR value falls below a statisti-
cal bound, defined as:

CPR} < bound (12)
where the bound is calculated as:
bound = ucpr, —a - S (13)
= 1 di _ CPR! (14)
T 0.6745 MO HOPR t

with « being a threshold constant (typically 3), and S the
median absolute deviation (MAD). To ensure numerical stabil-
ity during periods of low irradiance (e.g., sunrise, sunset), the
MAD is adjusted as max(.S,0.07).

C. Fault Detection Frequency — Anomaly Frequency
Index (AFI)

While individual inverter CPR outliers may indicate faults,
short-term anomalies can also result from transient environ-
mental fluctuations or measurement noise. To differentiate be-
tween isolated events and persistent faults, the Anomaly Fre-
quency Index (AFI) is introduced:

M
1 3 i
AFIZ = H H(boundt — CPRt)

t=1

(15)

Here, bound; is the Hampel lower bound at time ¢, and
H(x) is the Heaviside step function:

x>0 (16)
<0

Each 15-minute interval is flagged as 1 (abnormal) or 0 (nor-
mal), and AFI is computed over non-overlapping 75-minute
windows (5 intervals). If AFI > 7 (e.g., 7 = 0.6), the window
is labeled as “faulty”; otherwise, it is “healthy.” This approach
enables temporal fault tracking and reduces false alarms.



8.2.2 Fault Diagnosis Approach

Once the fault detection approach identifies anomalous be-
havior (via the Anomaly Fault Indicator, AFTI), indicating a
potential fault, the next step is to diagnose its root cause.
To isolate and determine the fault type, we propose a novel
method based on adaptive current and voltage boundaries, as
follows: The trained models predict the expected DC current
and voltage (Idc,pred and Ve pred) under fault-free, fully oper-
ational conditions for the given day. Adaptive boundaries are
then established based on these predictions using the following
equations.

Once fault detection identifies anomalous behavior (via the
Anomaly Fault Indicator, AFI), indicating a potential fault,
the next step is diagnosing its root cause. To isolate and deter-
mine the fault type, we propose a novel method based on adap-
tive current and voltage boundaries, as follows: The trained
models predict the expected DC current and voltage (Ipc,pred
and Vpc,prea) under fault-free, fully operational conditions for
the given day. Adaptive boundaries are then established based
on these predictions using the following equations:

IDC,lower < IDC,measured < IDC,upper (17)
VDC,lower < VDC,measured < VDC,uppCr (18)
With:
IDC,lower = IDC,pred —p-or (19)
IDC,upper = IDC,pred +p-or (20)
VDC,lower = VDC,pred —p-ov (21)
Vbc,upper = VDC pred +p - ov (22)

where or and oy are the standard deviations of prediction
errors (i.e., |measured — predicted|) over the day, and p is a
tuning factor.

During real-time operation, if Ipc measured O VDG measured
fall outside these adaptive bounds, a fault is flagged. This en-
ables detection of current drops or voltage dips due to string
or module failures. The system classifies the fault source by
evaluating whether current and voltage measurements breach
the respective adaptive boundaries.

The following scenarios help identify possible PV system
fault types:

e Scenario 1: Ipc measured a0d VDC measured bOth exceed
their threshold bands. This deviation strongly suggests
partial shading or soiling effects on the PV array, caus-
ing a simultaneous drop in current and voltage due to
reduced irradiance and increased mismatch losses.

e Scenario 2: Ipc measured remains within the threshold
band, but Vbc measured is outside. This may indicate a
short-circuit fault in the PV modules.

e Scenario 3: Ipc,measured is outside the threshold band,
while Vbc measurea Temains within. This suggests a dis-
connection issue affecting PV modules or strings.

Fault Classification

FIGURE 5: FAULT DETECTION AND DIAGNOSIS FLOWCHART OF
THE PROPOSED METHOD

3.8 Standalone GUI Application

The final stage of this work centers on deploying the best-
performing CNN-LSTM (Convolution Neural Network—Long
Short-Term Memory) model within a standalone Python-based
GUI application. This application tool operates locally on in-
dividual machines without the need for external dependencies
or internet access, delivering reliable prediction of PV system
output.

In addition to prediction capabilities, the backend incorpo-
rates computation modules designed to assess the system’s per-
formance. These modules calculate normalized energy yields
(energy output per installed kilowatt), quantify key system
losses, and determine important performance indices such as
the Performance Ratio (PR) and the Corrected Performance
Ratio (CPR), accounting for temperature effects on module ef-
ficiency. The CPR metric also plays a central role in the fault
detection process.

By processing data at the end of the day, these analyt-
ics provide immediate insights into the system’s operational
status, flag anomalies as they occur, and display alerts in the
interface application. By combining the predictive power of the
CNN-LSTM model with standardized performance analysis,
the platform delivers a comprehensive overview of plant health.
This seamless integration enhances real-time situational aware-
ness and adds significant value by aligning predictive forecasts
with actual operational metrics, thereby supporting more in-
formed monitoring and decision-making.

4. RESULTS AND DISCUSSION

4.1  Prediction Results

This section presents the results obtained from the datasets,
emphasizing the predicted performance of the PV system under
various weather conditions. The prediction values for power,
current, and voltage are evaluated against real-world measure-
ments. The evaluation is made considering a dataset collected
during one operating day. Additionally, we used a dataset that
spanned 12 days, one from each month of the year, to assess the



prediction model’s ability to capture the long-term variability
introduced by different seasons and environmental conditions.
4.1.1 DC Power Prediction

Figures[7] [ and [ illustrate the predicted and actual out-
put current for the three test scenarios: a cloudy day, a clear-
sky day, and a representative 12-day period covering seasonal
variability. The results demonstrate that the CNN-LSTM
model achieves high accuracy in forecasting daily PV output,

with R? values consistently exceeding 0.9992 across different
weather conditions, as detailed in Table 2}

The Mean Absolute Error (MAE) decreased from 2.4475
kW under cloudy sky conditions to 1.3795 kW under clear skies.
Similarly, the Root Mean Square Error (RMSE) dropped from
3.89 kW in cloudy conditions to 2.17 kW on clear days. This
improvement in predictive accuracy is primarily attributed to
the reduced fluctuation in power output during clear-sky condi-
tions, where irradiance and temperature levels are more stable
throughout the day.

Overall, the daily performance indicators validate the
model’s reliability, especially considering that the PV system’s
peak output exceeds 400 kW.
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TABLE 2: REGRESSION METRICS OF PV POWER PREDICTION
USING CNN-LSTM MODEL.

Condition R2 MSE MAE
Clear day 0.9998 2.1774 1.3795
cloudy day 0.9992 3.8901 2.4475
12-day period 0.9998 2.0872 1.1995

The prediction performance of the output power over a 12-
day period demonstrates highly consistent results, with an R2
value of 0.9998 and an MAE of 1.1995 kW. These findings
indicate that the model delivers accurate predictions and is
effectively adapted to capturing long-term seasonal variability.

4.1.2  DC Current prediction

The three test scenarios were also conducted to evaluate
the proposed model’s performance in predicting the DC cur-
rent generated by the PV system. The results, shown in Fig-
ures and [[2] demonstrate that the CNN-LSTM model
predictions closely match the actual measurements. The model
achieved R? values exceeding 0.9991 across both daily scenar-
ios, as summarized in Table [3}

The Mean Absolute Error (MAE) ranged from 2.2967 A
to 5.1988 A, while the Root Mean Square Error (RMSE) fell
within the interval of 3.5286 A to 8.2184 A. These results con-
firm the model’s robustness and accuracy in current prediction,
especially considering that the DC current can reach values up
to 800 A during peak solar production.
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TABLE 3: REGRESSION METRICS OF PV CURRENT PREDICTION
USING CNN-LSTM MODEL.

Condition R2 MSE MAE
Clear day 0.9998 3.5286  2.2967
cloudy day 0.9991 8.2184 5.1988
12-day period 0.9999 3.3540 2.0399

On the other hand, the long-term predicted results obtained
over a 12-day period show practically similar performance com-
pared to daily predictions in terms of R2 evaluated metrics.

4.1.83 DC Voltage prediction

Figures present the predicted DC voltage generated
by the CNN-LSTM model alongside the measured values under
both clear and cloudy sky conditions. As shown, the predicted
voltage closely aligns with the actual measurements. This con-
sistency is further supported by the regression results summa-
rized in Table E where the coefficient of determination (R?)
reaches approximately 0.9660, indicating a strong model fit.



These results validate the robustness and adaptability of the
proposed model, particularly under stable environmental con-
ditions.
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FIGURE 15: PREDICTED AND MEASURED VOLTAGE 12-DAY PE-
RIOD OF THE YEAR

TABLE 4: REGRESSION METRICS OF PV VOLTAGE PREDICTION
USING CNN-LSTM MODEL.

Condition R2 MSE MAE
Clear day 0.9660 4.3260  3.5461
cloudy day 0.9414 7.1951  5.3641
12-day period 0.9869 13.2100 1.1995

The 12-day long-term period predictions demonstrate prac-
tically the same R2 performance as the daily predictions, Fig-
ures To justify our selection of a single-layer CNN-LSTM
model, we compared its performance against several alterna-
tives: a standalone LSTM, a five-layer CNN-LSTM, and a
Random Forest. Because our primary goal is PV system fault
diagnosis, we restrict our analysis to daily power predictions,
which are most relevant for short-term diagnostic tasks. Ta-
blesummarizes the key performance metrics R2, RMSE, and
MAE obtained from each of these machine learning techniques.

TABLE 5: COMPARATIVE PERFORMANCE ANALYSIS OF PV
POWER GENERATION.

Model R2 MSE MAE N parameters
CNN-LSTM 0.9998  3.5286  2.2967 169,793
LSTM 0.9957 11.9234 7.9842 51,821
5CNN-LSTM  0.9975  8.9992  5.4994 1,089,713
RF 0.968 21.02 7.40 None

As shown in Table ] the single-layer CNN-LSTM model
clearly outperforms the other evaluated models by effectively
combining spatial feature extraction through CNN with tem-
poral sequence learning via LSTM. In contrast, increasing the
number of convolution layers (as in the 5-CNN-LSTM model)
leads to a substantial rise in the number of trainable parame-
ters, which may reduce real-time inference efficiency, increase
computational requirements, and introduce potential training
instability. Additionally, the Random Forest (RF) model ex-

hibits noticeably lower predictive performance, consistent with
the findings reported in .

4.2 Faults detection and diagnosis results

The experimental validation of the fault detection and
diagnosis methods was carried out on a 500 kWp grid-
connected photovoltaic system situated in Ain El Melh, Al-
geria. Throughout this process, several fault types were ac-
curately detected, including a disconnected string, a short-
circuited module, and partial shading.

4.2.1 Healthy PV system day
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Figure [16] illustrates the variation of CPR values across 40
inverters throughout a single day. The black dashed lines rep-
resent the dynamic lower threshold established by the Hampel
identifier at each time step. As observed, the majority of in-
verters exhibit healthy behavior, with CPR values consistently
remaining above this threshold.

In cases where red points appear, indicating brief dips of
CPR values below the Hampel boundary, these are not con-
sidered critical if the corresponding Anomaly Frequency Index
(AFT) values remain below the defined threshold for persistent
faults. Such instances are interpreted as transient anomalies,
likely resulting from short-term factors such as partial shading.

In addition, the adaptive current and voltage boundaries,
shown in Figures[[7] and [I§] remain within their expected lim-
its, reflecting stable electrical performance. This overall consis-
tency confirms the absence of active faults, and no alarms are
triggered during the observed period. These findings provide a
reliable baseline for future anomaly detection and strengthen
the robustness of the fault diagnosis framework for photovoltaic



systems.
4.2.2  Strings disconnected in one inverter

The disconnection of strings from one inverter in the PV
array exhibits faulty behavior, with CPR values consistently
falling below the Hampel threshold for most of the observed
period, as illustrated in Figure
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Under this fault condition, the measured current deviates
beyond its predefined lower boundary, as shown in Figure 20]
while the measured voltage remains within permissible limits
(Figure . This distinctive pattern—characterized by a sig-
nificant current deviation accompanied by stable voltage be-
havior—helps distinguish the fault from other system anoma-
lies. As a result, the diagnosis process accurately identifies the
issue as a string disconnection.

4.2.8 Short circuited modules

Short-circuited modules in one inverter string exhibit ab-
normal behavior, with CPR values consistently falling below
the Hampel threshold, as shown in Figure 22} indicating sig-
nificant power loss or potential system failure. In parallel, two
distinct diagnostic indicators are observed: the measured cur-
rent remains largely within acceptable bounds, while the volt-
age exhibits a complete deviation beyond its operational limits
(Figures and . This combination of patterns provides
strong diagnostic evidence, allowing for the precise classifica-
tion of the fault as short-circuited modules within the PV array.
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4.2.4  Shading faults

Figure displays abnormal CPR behavior under partial
shading conditions, with values consistently falling below the
Hampel threshold. In this scenario, both the measured cur-
rent and voltage exceed their respective adaptive boundaries,
as shown in Figures 26] and 27} triggering fault alert signals.
The convergence of these indicators allows the anomaly to be
accurately classified as a shading-induced fault within the PV
system.
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4.3 Standalone Python-based GUI application

This section presents the design and implementation of
an intuitive standalone GUI application for power prediction,
fault detection, and diagnosis. The application features a user-
friendly interface that seamlessly integrates with advanced al-
gorithms, enabling users to:

Input relevant system data

Configure prediction parameters

Visualize immediate measurements alongside predictions

Perform parameter calculation

Detect and diagnose system faults

Key features of the developed application include the fol-
lowing;:

Tab-Based Navigation: Organized interface with ded-
icated tabs for prediction tasks, parameter calculations,
and fault detection/diagnosis.

Interactive Controls: Intuitive buttons, toggle
switches, and state buttons for task initiation and pa-
rameter customization.

Advanced Visualization: Dynamic graphical displays
(including UI Axes components) for clear representation
of system data and analysis results.

Data Export Capability: Option to export results for
further analysis or system integration.

Seamless Data Integration: Direct processing of PV
station Excel files for real-time predictions without pre-
processing.

The application provides specialized tabs for various func-
tions, including PV power generation prediction, yield and loss
calculations, and comprehensive fault detection and diagnosis,
as illustrated in Figures and This streamlined de-
sign ensures efficient monitoring and analysis while maintaining
operational simplicity.
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5. CONCLUSION

This study presents a comprehensive procedure for auto-
mated supervision and fault diagnosis in grid-connected photo-
voltaic (PV) systems. It integrates a complete monitoring and
simulation package within a unified environment, demonstrat-
ing the effectiveness of deep learning techniques in accurately
predicting PV power generation across the entire operating sys-
tem. Through careful data pre-processing, feature selection,
and model evaluation, CNN- LSTM models were identified as
the most effective for estimating power, current, and voltage
outputs from PV systems installed in Algeria. For fault detec-
tion, reference thresholds were established using the Corrected
Performance Ratio (CPR) method alongside the Anomaly Fre-
quency Index (AFI), enabling the identification of inverters
that exhibit frequent anomalies over time. For fault diagno-
sis, adaptive boundaries for current and voltage

deviations were defined to determine whether faults origi-



nate from current reductions or voltage drops, facilitating the
identification of the most probable fault causes. Moreover, be-
yond fault detection and diagnosis, the study proposes the in-
tegration of the best-performing predictive model, along with
computation modules for assessing energy yield, system losses,
and corrected performance ratios, into a Standalone Python-
based GUI application to enable immediate predictions and
monitoring. This integrated analysis framework provides ac-
tionable insights that enhance performance optimization and
enable early detection and diagnosis of potential faults in pho-
tovoltaic systems.
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