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Abstract: With the increasing scale of photovoltaic (PV) power stations, timely anomaly detection
through analyzing the PV output power curve is crucial. However, overlooking the impact of external
factors on the expected power output would lead to inaccurate identification of PV station anomalies.
This study focuses on the discrepancy between measured and expected PV power generation values,
using a dual classification system. The system leverages two-dimensional Gramian angular field
(GAF) data and curve features extracted from one-dimensional time series, along with attention
weights from a CNN network. This approach effectively classifies anomalies, including normal
operation, aging pollution, and arc faults, achieving an overall classification accuracy of 95.83%.

Keywords: PV power station; anomaly detection; time series data; Gramian angular field; CNN;

attention matrix

1. Introduction

The exponential growth in the installed capacity of renewable power generation sys-
tems stands as a pivotal driver in transitioning towards sustainable electric power systems.
Among the promising power sources, PV power generation is witnessing a substantial
surge, with an increasing number of PV systems being deployed as decentralized power
generation units in medium- and low-voltage transmission networks [1]. The variability
and stochastic fluctuations in the output power of PV technology pose a considerable
challenge as large-scale grid connections of PV power generation could significantly impact
the power grid [2-4].

The power time-series data within solar power station datasets constitutes a funda-
mental aspect, as the magnitude of output power directly impacts the economic feasibility
of power generation [5,6]. Additionally, the morphology of the power time curve serves
as a crucial indicator of the operational health of the station [7]. Extensive research has
been conducted to forecast the power generation of PV stations, with the aim of ensuring
power system stability amidst the increasing integration of PV systems and proactively
implementing adaptive measures [8]. Different patterns in power curves can reflect corre-
sponding fault scenarios [9]. For instance, localized power declines or irregular changes on
the curve may occur in PV panels near hot spots, contrasting with the behavior of normally
operating panels. Various failures have been observed in practical PV systems, including
issues such as series resistance disconnection, current leakage to ground, and module
branch disconnection. Typically, these failures manifest when PV modules exhibit discol-
oration, cracking, snail tracks, or degradation of the antireflection coating [10]. The gradual
degradation of components due to aging, pollution, and connection issues leads to a decline
in power curve performance. Irregular fluctuations in the power time curve may indicate
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arc faults, partial shielding, or local faults, while sudden declines or interruptions may
suggest anomalies in equipment line faults.

Accurate photovoltaic generation forecasting is an important feature that can assist
utilities and plant operators in the direction of energy management and dispatchability
planning [11]. Approaches combining the weather data, PV station’s physical parameters,
historical generation data, and other conditions would be prioritized, then conditional
factors, other than the factors of the photovoltaic power station, can be reflected in the
prediction timing curve [12,13]. Digital twin technology utilizes interactive simulations
among physical entities, sensors, and historical databases to establish a high-fidelity virtual
mapping of real-world equipment. This enables the synchronous evolution of the digital
twin and physical equipment throughout their entire life cycle [14-17]. Integrating the digi-
tal twin model into PV power forecasting enhances the system by combining environmental
parameters, prediction data, historical data, and reference data, thereby boosting the effi-
ciency and decision-making speed of the scheduling center [18-20]. This holistic approach
ensures comprehensive and reliable forecasting, crucial for effective energy management.

The hybrid photovoltaic-thermoelectric generation system (PVTEG) efficiently utilizes
solar energy by converting solar irradiance and thermal energy into electricity, while
enhancing PV efficiency by reducing module surface temperature. Ref. [21] proposes a
machine learning-based approach with efficient fault detection methods to achieve fast
real-time global maximum power point tracking for addressing the low efficiency of PV
and thermoelectric generation devices in hybrid PVTEG systems. This demonstrates the
potential of machine learning and efficient fault detection methods to significantly enhance
system performance. By identifying and scrutinizing instabilities in the power generation
performance, the monitoring of abnormalities within power stations becomes possible,
thus minimizing potential losses [22]. Deep learning (DL) has emerged as an effective
tool for power system stability prediction due to its exceptional representational learning
capabilities [23,24]. However, the application of DL methods has also received wide
acceptance in stability assessment [25-28], which is not directly suitable for processing
power system time-series data. DL models in stability analysis often suffer from overfitting
due to redundant information, limiting robustness. Handling massive transient data
increases storage demands, while diverse raw curve dynamics hinder transfer learning
across different power grids.

To address this gap, advanced time-series methods such as the recurrence plot [29,30]
present promising alternatives. The Markov Transition Field (MTF) captures transition
frequencies between time stamps, and the Gramian angular field (GAF) is a valuable tool
for converting time-series data into a format amenable to image-based analysis, making it
compatible with CNNs and enabling effective feature extraction and pattern recognition
in time-series datasets. Ref. [31] encodes a univariate time series while ref. [32] extends it
to apply DIM identification to a multivariate time-series transformation with the help of
the RGB channel. The proposed framework in [32] integrates curve filtering rules and a
dual-channel VGGNet, enabling the simultaneous processing of rotor angle and voltage
images. DL methodologies in [33] have enabled an accurate prediction by leveraging
GAF representations and variable-order Markov models. Using daily time-series data
as input, refs. [34-37] propose methods employed for classification. Ref. [38] proposes a
spectral clustering-based anomaly detection method for mountainous PV power plants,
which sorts current time-series data to partially eliminate the influence of dip angle and
azimuth, and distinguishes anomalies in strings through spectral clustering. The model
described in [34] utilizes statistical analysis, machine learning, or computer vision methods.
These approaches for data classification have significant dimensional and computational
requirements. Ref. [35] proposes an ensemble scheme for time-series data classification
based on constructing classifiers on different data representations. The scheme employs
standard baseline algorithms used in time-series classification research, including the 1-NN
algorithm and methods using Euclidean distance and/or dynamic time warping. Ref. [36]
proposes a method to identify anomalies in power quality (PQ) time-series data, addressing
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the increasing volume of PQ data and the need for automated analysis. It focuses on
short-term PQ characteristics to detect deviations from typical behavior caused by changes
in customer or network behavior. An ensemble model based on the multi-channel deep
CNN (MCDCNN) mentioned in [37] describes a method based on time-series classification
that utilizes a CNN and an ensemble model based on the PyTorch package’s MCDCNN to
classify the installation status of PV systems within a 24 h period. The above approaches
offer significant improvements over traditional statistical learning methods, enhancing the
restoration of statistical characteristics in generated time-series data.

This study specifically focuses on using PV output active power data as input data,
providing advantages such as an enhanced reflection of power station health through
power timing curve morphology and reduced data parameters for faster calculations. It
aligns with the broader context of power system stability research. The model outputs
are categorized as normal, irregular fluctuations, and evident variance, addressing issues
such as component aging, pollution, connection problems, and equipment or circuit faults
leading to an abrupt decline in the system. This progression narrows down to the main
research objective, excluding external factors like weather, and focuses on the differences
between predicted and measured curves, utilizing Devi-preprocessed GAF (DP-GAF)
encoding images with an adaptive matrix for the selective enhancement of image features.
The main contributions of this paper are as follows:

*  We propose an integrated analysis methodology that combines expected and actual
daily output active power data through meticulous deviation calculations. This
approach provides a detailed view of power station performance, enhancing anomaly
interpretability, which is superior to directly detecting output active power curve data.

*  Due to the difficulty of classifying images generated using traditional GAF encoding
under different categories of PV power station conditions, we introduce a preprocess-
ing method tailored to PV systems before GAF transformation. This method enhances
the effectiveness of GAF encoding and leads to a better capture of curve features for
more accurate anomaly detection.

e A convolutional neural network (CNN) architecture with attention from identified
curve features is proposed, seamlessly combining DP-GAF-encoded images with curve
evaluation metrics. This integrated approach significantly advances anomaly detection
for PV power stations, promising heightened accuracy in identifying anomalies.

The remainder of this paper is organized as follows. Section 2 presents the overall
structure of the proposed framework for anomaly identification, and the implementation
process of the three modules is introduced in detail in this part. Section 3 presents how
to train the CNN network and some performance metrics to evaluate the model. Experi-
ments are conducted on two different power systems in Section 4. Conclusions are drawn
in Section 5.

2. Overall Structure of the Proposed Framework for Anomaly Detection

The anomaly detection model framework proposed in this paper consists of three
main components: the Devi-preprocessed Gramian angular field transformation, curve
features calculation, and the integration of the CNN-based classification with the attention
mechanism model. These components are intricately interconnected within the framework,
as illustrated in Figure 1. We will explain the corresponding process in Figure 1 more
in detail as we introduce the methodology in this section. Together, these components
constitute a robust framework that seamlessly integrates advanced time-series analysis
and machine learning techniques to enhance the discernment of anomalies in the intricate
dynamics of photovoltaic power generation.
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Figure 1. Overall framework of the CNN model with deviation series and GAF for anomaly identification.

2.1. Encoding Power Deviation Series by Gramian Angular Field

The first component of the proposed framework involves the utilization of the Gramian
angular field to transform the preprocessed deviation time-series data. Inspired by the
widespread use of CNN in computer vision, encoding time-series data as images and
then using CNN for classification have also shown the potential of anomaly identification.
The time-series information in the transient process is rich, and it is crucial to extract it
reasonably to help with anomaly detection. The proposed encoding method can, on the one
hand, encode time series as images for convenient and efficient use of machine learning
models, and on the other hand, provide a dynamic feature extraction method.

2.1.1. Data Collection

Using predicted solar irradiance and weather data, along with empirical formulas
based on photovoltaic power station parameters, we employed an indirect prediction
method. This method was complemented by a statistical learning model that considers
historical power generation. The goal was to forecast the daily PV output active power
curve one day in advance. The principle block diagram of the prediction model of generated
power is shown in Figure 2. This forecast serves as the day-ahead forecast value for the
time-series data of the PV output.

Predicted Solar
Irradiance
Physical Parameters Forecasted Weather Historical Power
of PV Station Data Generation

Y Y
Statistical Learning
Model

Forecasted Daily
Output

Figure 2. Principle block diagram of prediction model of generated power.

Emprical Formulas ] [

Therefore, as illustrated in the leftmost part of Figure 1, the expected PV time series
can be obtained from data collection, along with the actual PV time series, leading to the
next section on preprocessing and curve evaluation.
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2.1.2. Preprocessing for Photovoltaic Characteristics

Before encoding with GAF, it is imperative to preprocess each set of deviation data
to align with the daily output characteristics of photovoltaic systems. This refers to the
deviation time series obtained through the “Deviate” step in Figure 1. Given the limited
duration of sunlight each day, the output active power before sunrise and after sunset
invariably registers as zero. Moreover, the timing of sunrise and sunset shifts with the
seasons, resulting in variations in the time span of the non-zero photovoltaic output active
power. Concurrently, seasonal changes may cause the output curve to contract or expand
horizontally. To mitigate the impact of seasonal variations on zero-point changes in the
power active output and to filter out such invalid information, we first redefined the range
of each set of deviation data: the time corresponding to the peak of observed predicted
power time-series data is denoted as t,;; both preceding and following t,,, the predicted
power diminishes until it reaches a certain proportion of the maximum predicted output
power. The times corresponding to these points before and after t,,; are taken as the initial
and final values of the deviation data range, respectively. This preprocessing allows the
deviation data to focus more precisely on the power station’s output scenario during
operation, the effect of which is shown in Figure 3.

Feb. 7th

— Expected —— Deviation —— Deviation
§ 4000 — Actual
= Deviation Range
= 2000 —_
g (Expected-Actual) Update
o
[-w 0 l\f"/\ -/\/_,._\,/\
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Figure 3. The effects after optimizing the time range.

Additionally, prior to the GAF transformation, data normalization was implemented
to ensure comparability within a defined range. However, this normalization process
may inadvertently have altered the data distribution, particularly near extreme values,
leading to unwarranted fluctuations or anomalies post-normalization. To mitigate these
fluctuations, an adaptive extreme value was introduced at both ends of the dataset. Initially,
the maximum predicted value in each set of photovoltaic data was identified, and then its
a% was computed. Subsequently, the entire deviation dataset was augmented by b, with the
first element of the deviation set to 0, and the last element increased by b. This strategic
approach effectively diminished the influence of extreme values during normalization, thus
ensuring the stability and reliability of the data.

The above preprocessing was designed to improve the traditional encoding method,
which exhibited reduced interference and enhanced the capturing of curve features during
the generation of GAF images, providing more informative inputs for subsequent data
analysis and classification.
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2.1.3. GAF Encoding

Next, we proceeded to the step in Figure 1 where the deviation image was obtained
through the GAF encoding with the PV-characterized preprocessing process. The processed
power deviation time-series data P = {p1, p2,..., pn} of n values was encoded into an
image G. Firstly, P was scaled to be P = {1, p1,---,Pn} with all values falling in the
interval [—1,1]:

j = lpimmax(p)l +[pi —min(p)] ;4 5.

max(p) — min(p) o @

where p is the original power deviation time-series data with n values, and p; represents the
ith value in the original power deviation time series. p represents scaled power deviation
time-series data, ensuring all values can be effectively encoded into an image representation.

The GAF is used to represent the inner product relationships within a set of vectors.
For a given set of vectors vy, vy, ..., v, the element Gjj in the Gram Matrix represents the
inner product between vectors v; and v;. The calculation method for the Gram Matrix can
be expressed by the following formula:

Gear(i,j) = (Pi, Pj) =P} " Pjr )

Here, (-, -) denotes the inner product operation, and p! represents the transpose of
vector p;. The element G;; in the Gram Matrix is the result of the inner product between
vectors p; and p; at corresponding positions.

The scaled value p; is then converted to polar coordinates (¢;,1;) for 1 < i < n, where
¢; = cos~H(p;), pi = %, and N is a constant factor for regularizing all polar coordinates
span. The Gramian summation angular fields (GASFs) and Gramian difference angular
fields (GADFs) are defined as follows [3]:

’

Gease(i,j) = [cos(pi+¢))] .. _ ..
{GGADF(i,j) = [sin(¢; — ¢j)]” i,j=12,---n, 3)

where Ggasr(i,j) and Ggapr(i, j) represent the elements in the GASF and GADF, respec-
tively. They are computed as the cosine of the sum of angles and sine of the difference
between angles, respectively.

While these three functions are all designed to compute Gramian angle fields, they
employ different formulas when calculating the Gram Matrix, resulting in subtle differences
in the obtained GAF. The choice of which to use depends on the modeling requirements for
time-series features and the specific application context.

Overall, in this section, the Devi-preprocessed GAF, noted as DP-GAF, first calculated
the deviation from the actual and predicted photovoltaic output active power data, then
performed preprocessing based on the photovoltaic characteristics. After that, we used
DP-GAF encoding to transform the data into images.

2.2. Extra Curve Features Calculation

Following the encoding transformation, identified curve features were calculated to
encapsulate various aspects of the power generation process. These extra features serve as
a holistic measure, incorporating factors such as root mean square error (RMSE), integral
differences, and differential analysis. This calculated metric acts as a pivotal input for the
subsequent phases of the framework. This corresponds to the “Curve Evaluation” part
of Figure 1.

2.2.1. RMSE Computation

The RMSE is calculated as a measure of the differences between the forecasted and
measured power values:
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(measureli] — forecast[i])?, (4)

|-
™=

RMSE = \/
i

where 7 is the number of data points in the measured and forecasted values, and measureli]
and forecast|i] represent the ith data point of the measured and forecasted values, respectively.

This component of the composite indicator gauges the precision of the forecasting
model, providing an indication of how well the predicted values align with the actual
measurements. RMSE contributes a nuanced understanding of the forecasting accuracy to
the overall composite indicator.

1

2.2.2. Integral Differences Analysis

Integral differences, noted as A, are computed by integrating the absolute differences
between the measured and forecasted power values.

A =

-

Il
—

|(measure[i] — forecast|i])|. (5)

This formula calculates the cumulative sum of absolute differences between the measured
and forecasted values at each time point, reflecting the significance of deviations across the
entire time series. The integration provides a cumulative measure of dissimilarity between
the two sets of data, emphasizing the importance of deviations over the entire time series.
The resulting integral differences parameter enhances the composite indicator by providing
a holistic perspective on the cumulative impact of forecast inaccuracies.

2.2.3. Differential Analysis

Integral differentials, noted as J, are computed by integrating the absolute differences
between the value of the curve at the previous time step and the value at the subsequent
time step. So, we obtain the following formula:

’ (6)

", measure(i+ ot) — measure(i)
o= L 5t
i=1
which calculates the integral differential § as the sum of the absolute differences between
the values of the curve at consecutive time steps, normalized by the time interval Jt. This
parameter enables the measurement of fluctuations in the observed curve, thereby aiding
in the classification of curve characteristics.

To ensure the consistent scaling of these metrics during subsequent neural network
training, we performed normalization. Each metric was scaled to a predefined range,
typically between 0 and 1, using the minimum-maximum normalization method.

Finally, these four normalized features were incorporated into the fully connected
layer of the neural network. This integration aimed to provide the neural network with a
comprehensive set of features, including dynamic characteristics from time-series analysis,
enhancing its ability to identify anomalies. This holistic feature representation enabled
the neural network to adapt to the complex dynamics of performance fluctuations in
photovoltaic power stations.

This methodology contributes to a more nuanced understanding of deviations in
power generation and enhances the interpretability and robustness of anomaly detection in
the photovoltaic domain.

2.3. CNN-Based Classification with Attention Mechanism

The integration of the CNn-based classification with the attention mechanism model is
central to our anomaly identification framework, corresponding to the “CNN With Attention”
part of Figure 1. It is specifically designed to exploit intricate patterns encoded within the
data transformed with DP-GAF. This section focuses on the process of integrating the CNN
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with the attention mechanism based on three distinct features. The integration involves the
generation of a training weight matrix and the subsequent application of attention during
the classification phase.

The process begins with the generation of a pre-training weight matrix, characterized
by the steps illustrated in Figure 4. This process involves the following:

1.  The model takes m normalized features, calculated in section B, as input. Each of the
m features undergoes a logarithmic transformation with base e.

2. The transformed feature values are normalized using min-max normalization, with min
and max representing the minimum and maximum values within each respective feature.

3.  The normalized features are convolved with a weight matrix.

4.  The features are classified, and the weight matrix is subsequently updated.

W11 Wim

[Fl,Fz---Fn] Do Pl,Pz---Pﬂ
Wni Wnm

Identified Features Attention Weight Probability for Classes

Figure 4. Pre-training and testing matrix weights.

During the classification phase, the weight matrix is applied as shown in Figure 5.
The process includes the following steps:

1.  Feature values are inputted into the system.

2. The input feature values undergo logarithmic transformation and are normalized
using min—-max normalization.

3. The transformed features are multiplied with the pre-trained weight matrix, yielding
three values representing the transformation into probabilities.

4.  Probabilities are computed, resulting in an output probability matrix.

5. Considering the potential inaccuracies in pre-trained models, where predicting the
correct class with the lowest probability is highly improbable, a mapping is applied to
ensure that the predicted class with the lowest probability is assigned a relatively low
value. This effectively prevents the misidentification of images as the class with the
lowest predicted probability.

Deviation Series

Indentified Features DP-GAF Images

[t

Maxpooling | X2
. |
log(F) lNormalize
Conv

|
|
|
|
|
1 X2
|
|
|
|
|
Wml -+

Classification

Figure 5. The integration of the CNN-based classification with the attention mechanism model.
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In summary, the CNN with attention model integration optimizes classification per-
formance by incorporating attention mechanisms based on feature metrics, pre-training
weight matrices, and probability mapping strategies.

3. Model Training and Performance

Generating samples is the foundation of deep learning. In data analysis, the un-
certainty fluctuations caused by hourly anomaly detection in the curve lead to a high
probability of false alarms. Therefore, a specific power plant’s daily active power genera-
tion time-series data can be chosen as the detection and analysis database. Each day’s active
power generation is predicted based on factors such as weather and power plant parame-
ters, resulting in day-ahead forecast power generation data. The actual monitored active
power generation each day serves as the real-time upscaled measurement data. By observ-
ing the active power generation waveforms containing two sets of time-series data each day,
data with significant differences (concave, spiky fluctuations, or large deviations) between
the measured and predicted curves can be classified as anomalous data for the power plant.
Data with power generation curves close to the baseline for both curves can be classified
as normal for the power plant. Following this classification rule, dates corresponding to
anomalous and normal power generation can be obtained. Consequently, the deviation
curves’ GAF images for these corresponding dates are classified, resulting in the final
classification dataset.

Our proposed model is built with the integration of an attention mechanism tailored
for GAF data. The model was trained using a custom dataset specifically designed for
GAF data. The dataset includes instances from normal, fluctuating, and evident variance
conditions. The training process involved optimizing the model parameters to minimize
the average cross-entropy loss, which is calculated as follows:

z

1
Letass = =57 2. (vi1og(pi) + (1 —yi) -log(1 — pi)), )

1

I
—

where N is the number of instances, y; is the ground truth label, and p; is the predicted
probability.

To assess the performance of the attention mechanism, we computed the confusion
matrix, denoted as Cattention- The confusion matrix is a table used to evaluate the perfor-
mance of a classification model. It displays the model’s predictions for each class, including
true positives, false positives, true negatives, and false negatives. By inputting the true
labels of the test data and the model’s predictions into a confusion matrix, the calculation
function can be obtained.

Then, we calculated the accuracy, noted as A, for each class using the confusion matrix
Cattention- The accuracy for class i was computed as the ratio of the correct predictions to
the total predictions for that class:

. CAttention (i/ i)
A i) = == 7 8
Class () Y Cattention (7, ) v

where Cagtention (i, 1) represents the element in the i-th row and i-th column of the ma-
trix Cattention, indicating the number of samples of class i that were correctly classified.
Y Cattention (, :) denotes the total number of samples in the i-th row.

The overall accuracy, considering all classes, was computed as the ratio of the sum of
correct predictions for each class (diagonal elements) to the total number of predictions:

Y diag ( CAttention)
i j Cattention (7, 1) ”

©)

ATotal =

where Y diag(Cattention) represents the sum of the diagonal elements of the matrix Cagtention,
which corresponds to the total number of samples correctly classified. Y Cattention(:) de-
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notes the sum of all elements in the matrix Cattention, Tepresenting the total number of
samples in the dataset.

These calculations provide a comprehensive assessment of the model’s performance,
delving into the classification accuracy for each class and the overall accuracy. Such results
are crucial for understanding the model’s classification efficacy and the impact of the
attention mechanism.

The integrated CNN model was trained using a stochastic gradient descent with
momentum (SGDM) optimizer. The training process involved multiple epochs with a
mini-batch size of 16, and the learning rate was initialized at 0.0002. We incorporated
a validation set, consisting of both image and extra features, to monitor the model’s
performance during training.

The training loop updated the model parameters based on the gradient of the compos-
ite loss function with respect to the model parameters 6:

00— Ul vG’Ec:lassr (10)

where 7 is the learning rate of the optimizer. VL, is the gradient of the loss function
L 1ass With respect to the model parameters 6, indicating the rate of change of the loss
function at the current parameter values. The evaluation of the model involves assessing
its performance on a separate test dataset.

4. Experimental Evaluation

To validate the effectiveness of the proposed anomaly detection framework, multiple
case studies were conducted. This section focuses on analyzing the active power generation
curve of a photovoltaic (PV) power station in Belgium and the anomalies it reflects. The pri-
mary dataset was sourced from https://www.elia.be/en/grid-data/power-generation/
solar-pv-power-generation-data, accessed on 20 March 2024. Specifically, we selected the
solar power generation data for Belgium recorded from 2018 to 2023, when the system had
a monitored capacity of 8.887 megawatts at its peak. For example, the measured and the
day-ahead forecast active power output time series are presented as follows in Figure 6.

6000

—— Day-Ahead forecast [MW]
5000 Real-time Upscaled Measurement [MW]

~ 4000

MW

= 3000

Power

2000

1000

0 . - . . . . . .
05:30 13:30 21:30 05:30 13:30 21:30 05:30 13:30 21:30

Aug.18 Aug.19 Aug.20
Time

Figure 6. Solar PV measured and forecast (data source: [39]).

As observed, despite the preliminary consideration of factors such as illumination,
weather conditions, power plant parameters, and historical power generation, there still
exists a deviation between the day-ahead forecast curve of PV generation for the next day
and the measured curve of the power plant. This phenomenon is evident in the contrast
curves on 18 August in Figure 6, where a general shift is observed. On 19 August, it can be
noted that there is a fault-induced abrupt decline in actual active power generation around
noon, suggesting the possibility of sudden weather changes or other factors affecting the
stability of the power plant on that day. However, on 20 August, the predicted curve closely
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aligns with the measured curve, indicating normal operation of the power plant on that
day without any apparent anomalies.

The deviation could be seen more evidently in the deviation curve in Figure 7. It
is evident that the deviation data exhibits significantly larger deviations from zero on
18 and 19 August, whereas the curve for 20 August, when the output power is normal,
shows only minor fluctuations near zero, indicating a more stable performance.
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Figure 7. Deviation PV output curve.

Through these three steps in Section 2, we encoded the two-dimensional image data
corresponding to the three different operational states of the photovoltaic power station
with the features of each state’s image as shown in Figure 8. Under normal conditions at the
photovoltaic power station, the images we encoded were almost solid-colored. However,
in cases of aging or pollution, irregular fluctuations appeared in the output power curve,
resulting in a grid-like pattern in the images. In the event of an arc fault, which causes a
sudden and significant drop in the curve, the images exhibited a distinct highlight.
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Figure 8. Devi-preprocessed GAF-encoded images of 3 states.
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Subsequently, we further processed the deviation time-series data and encoded them
into images containing information about the deviations using the Gramian angular field,
as illustrated in Figure 9. The visual differences between images obtained from GAF en-
coding without and with preprocessing for photovoltaic characteristics were significant.
In the former, the images exhibited a grid-like pattern under both normal and irregular
fluctuations in the PV curve, with localized brightness observed in cases of evident vari-
ation. However, the images obtained with preprocessing for PV characteristics showed
more distinct features in all three scenarios, facilitating easier differentiation: the image
was a nearly solid color under normal conditions, displayed a grid-like pattern during
fluctuations, and exhibited significant brightness under evident variation.

Normal Fluctuates Evident Variation
2000
= 3000 1500 -
z z Z 1500
< < 3
5 2000 5 1000 T 1000
Z H H
& 1000 —— Expected 500 —— Expected & 500 —— Expected
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Without Preprocessing for PV Characteristics

Uniform Color Tone Grids Shaped Highlight

Figure 9. Comparison of GAF encoding with and without preprocessing for PV characteristics.

4.1. Dataset Description

The experimental evaluation was conducted on a dataset comprising images encoded
using the DP-GAF method, representing time-series data. The original dataset was derived
from daily PV output time-series data spanning each month from 2018 to 2023, totaling
2191 data points. After initial cleaning, 2000 both actual and expected data points were
retained. This dataset includes three categories based on anomalies: normal (21%), aging
pollution (47%), and arc faults (32%). These categories were processed using the GAF en-
coding with preprocessing for PV characteristics method mentioned in Section 2, resulting
in an image dataset with corresponding labels. Subsequently, the dataset was divided into
training and testing sets, with 80% of the data used for training and the remaining 20% for
testing. This division ensured an ample amount of data for model training while enabling
a robust evaluation of unseen samples.
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4.2. Results

Upon completion of training, the model was evaluated on the test set, and the con-
fusion matrix was computed to assess the classification performance. Additionally, class-
specific accuracies provided insights into the model’s effectiveness in identifying anomalies
across different categories.

4.2.1. Classification Results of Different Inputs

To demonstrate that the deviation series more comprehensively incorporates factors
related to the operation of the photovoltaic power station itself, and to enhance anomaly
detection by excluding redundant information, both the traditionally measured time-series
data and the deviation time-series data were employed as inputs to the network. Similarly,
features without encoding images were utilized as input in order to show the effect of
the deviation series encoded images. The classification accuracy results can be compared
in Table 1.

Table 1. Test results of the model with different input series.

Input Series ATotal % ANormal % AFluct % AEvi-vari %
Deviation Series 95.83 99.0 98.21 89.74
Original Series 47.93 19.45 63.24 35.29
Features Only 71.89 72.80 4413 61.68

In Table 1, the test results of the model with different input series are presented.
The “Input Series” column indicates the type of input data used for classification, while
the subsequent columns represent the classification accuracy (%) for different categories:
“Total”, “Normal”, “Fluctuation”, and “Evident-Variability”.

The deviation series, incorporating deviation time-series data, demonstrates the high-
est overall classification accuracy of 95.83%. It exhibits remarkable performance in identify-
ing normal instances (99.0%) and fluctuations (98.21%). However, it shows relatively lower
accuracy in detecting instances of evident variability (89.74%).

Utilizing traditionally measured time-series data as input (original series) results
in significantly lower classification accuracies compared to the deviation series, with an
overall accuracy of only 47.93%. Particularly low accuracies are observed in identifying
normal instances (19.45%) and evident variability (35.29%). Meanwhile, using features
without encoding images (features only) yields higher accuracies than the original series
but lower than the deviation series, with an overall accuracy of 71.89%. It demonstrates
relatively high accuracies in identifying normal instances (72.80%) and evident variability
(61.68%), but lower accuracy in detecting fluctuations (44.13%).

These results underscore the effectiveness of utilizing deviation time-series data,
particularly when encoded into images, for anomaly detection in photovoltaic power
stations. The deviation series outperforms both the original series and the features-only
approach, indicating its ability to capture essential operational information and enhance
anomaly detection capability.

4.2.2. Classification Results of Different Encoding Methods (with Attention)

The methods for encoding time series into images are not limited to the traditional
Gramian angular field. Other methods include the traditional GADF, GASE, as well as
MTE, and so on. In this study, an improved normalization approach was applied to adap-
tively enhance the encoding matrices. The resulting images from the enhanced encoding
methods were more conducive to the classification task performed by the neural network
in this study. To demonstrate the superiority of the proposed enhancement and to inves-
tigate which improved encoding method is optimal, Table 2 presents a comparison of
classification accuracies with and without preprocessing for PV characteristics before GAF
encoding, as well as those obtained using different encoding methods. As depicted in
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Table 2, the GAF encoding method exhibits outstanding performance with preprocessing,
achieving an impressive overall accuracy of 95.83%. It demonstrates high accuracy in dis-
tinguishing between normal, fluctuation, and evident variance scenarios, with accuracies
of 99.0%, 98.21%, and 89.74%, respectively. Conversely, without preprocessing, the overall
accuracy of the GAF encoding method drops to 88.33%, with significantly lower accuracies
in normal and fluctuation scenarios. These findings underscore the critical role of prepro-
cessing in enhancing the model’s performance, particularly in the context of PV generation
data analysis.

Table 2. Test results of the model with attention.

Approach ATotal % ANormal % AFluct % AEvi-vari %
With Preprocessing for PV Characteristics
DP-GAF+CNN 95.83 99.0 98.21 89.74
DP-GASF+CNN 95.0 99.0 94.64 92.31
DP-GADF+CNN 95.0 95.0 96.43 92.31
DP-MTF+CNN 87.5 60.0 94.64 94.87
Without Preprocessing for PV Characteristics
GAF+CNN 88.33 72.0 96.43 87.18
GASF+CNN 89.17 60.0 98.21 94.87
GADF+CNN 90.0 68.0 98.21 92.31
MTF+CNN 87.5 60.0 98.21 89.74

4.2.3. Classification Results of Different Encoding Methods (without Attention)

The CNN-based classification with attention mechanism serves as the core component
of the model. The attention during image classification was optimized based on pre-trained
weight matrices obtained from custom curve features. To demonstrate the enhancement
in model detection results due to the optimized attention mechanism, Table 3 presents
the classification accuracy results for various image encoding methods with and without
attention optimization.

Table 3. Test results of the model without attention.

Approach ATotal % ANormal % AFluct % AEvi-vari %
With Attention Matrix
DP-GAF+CNN 95.83 99.0 98.21 89.74
DP-GASF+CNN 95.0 99.0 94.64 92.31
DP-GADF+CNN 95.0 95.0 96.43 92.31
DP-MTF+CNN 87.5 60.0 94.64 94.87
Without Attention Matrix
DP-GAF+CNN 92.5 88.0 96.43 89.74
DP-GASF+CNN 90.0 96.0 85.71 92.31
DP-GADF+CNN 82.5 48.0 91.07 92.31
DP-MTF+CNN 76.67 20.0 91.07 92.31

With the attention matrix, the GAF encoding method achieves an outstanding overall
accuracy of 95.83%. It also demonstrates high accuracies in identifying normal (99.0%), fluc-
tuation (98.21%), and evident variance (89.74%) scenarios. In contrast, without the attention
matrix, the overall accuracy of the GAF encoding method drops to 92.5%, with lower accu-
racies in normal (88.0%) and evident variance (89.74%) scenarios. These results underscore
the effectiveness of the attention matrix in improving the model’s performance, particularly
in distinguishing between different scenarios in PV generation data analysis.
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4.2.4. Comparison with Other Time-Series Classification Methods

The classification accuracy of our model was compared with the existing methods
proposed in [35-37] using daily time-series data for anomaly classification. Table 4 presents
the comparison results. Our model, based on Devi-preprocessed GAF encoding and CNN
with attention, achieves a peak accuracy of 95.83%, demonstrating its effectiveness in classi-
fying daily output power time-series data from photovoltaic generation. When compared
with existing methods such as the Collective of Transformation-Based Ensembles (COTE)
approach [35] with an accuracy of 93.00%, and the approach in [36] using the Locally
Weighted Scatterplot Smoothing (LOWESS) and Threshold algorithm based on interquar-
tile range (IQR) for power quality anomaly classification with an accuracy of 94.51%, our
model shows superior performance. Additionally, the multi-channel deep CNN (MCD-
CNN) approach [37], focusing on the ensemble model based on the multi-channel deep
CNN for anomaly classification in the net consumption of nodes, achieves an accuracy
of 95.10%, which is comparable to our model’s performance. These results highlight
the effectiveness of our proposed DP-GAF+CNN approach for anomaly classification in
photovoltaic power generation.

Table 4. Comparison of classification accuracy.

Approach Time-Series Data Algorithm Accuracy
DP-GAF+CNN Active power DP-GAF and CNN with attention 95.83%
COTE [35] Active power Collective of Transformation-Based Ensembles 93.00%
[36] Power quality LOWESS & Threshold algorithm based on IQR 94.51%
MCDCNN [37] Net consumption of nodes Ensemble model based on the multi-channel deep CNN  95.10%

Overall, these results demonstrate the superior performance of our proposed DP-GAF+CNN
approach in classifying anomalies in PV power generation, showcasing its potential for enhanc-
ing anomaly detection and monitoring systems in the field of renewable energy.

4.3. Discussion

In this section, we discuss the observed results, highlighting any trends, patterns,
or noteworthy findings. We also consider the implications of the classification and anomaly
detection metrics, providing insights into the model’s performance and potential areas
for improvement.

The results of the proposed approach demonstrate the effectiveness in identifying
anomalies in PV power plant output. The use of modified Gramian transition images and
a convolutional neural network with attention has enabled the accurate classification of
deviations in output power. This method has the potential to significantly improve the
reliability and efficiency of anomaly detection systems in PV systems.

One key finding is the importance of preprocessing and feature extraction in anomaly
detection. By transforming deviation time-series data into informative images, the model can
capture subtle operational deviations that may not be apparent in raw data. This highlights the
value of advanced data processing techniques in enhancing anomaly detection accuracy.

However, there are limitations to consider. The model’s performance may be in-
fluenced by the quality and completeness of the input data. Additionally, the model’s
interpretability could be further enhanced. Future research could focus on developing
more interpretable models or incorporating additional data sources to improve model
performance. Further research and development in this area could lead to significant
advancements in the field of renewable energy monitoring and management.

5. Conclusions

To address the adverse effects caused by overlooking the impact of external factors
on the expected power output in detecting anomalies in PV time-series data, this paper
highlights the key contributions of utilizing deviation GAF images and curve features for
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reliable anomaly detection and classification in PV systems operations. The approach’s
effectiveness was demonstrated through its ability to identify anomalies such as normal,
aging pollution, and arc faults with an overall classification accuracy of 95.83%.

A robust approach for daily anomaly detection in large-scale photovoltaic power
stations was presented, leveraging daily output power and deviation time-series data with
Gramian angular field encoding. The methodology combines expected and actual daily
output power through deviation calculations, enhancing anomaly interpretability. Notably,
GAF encoding with preprocessing for PV characteristics refines anomaly detection by trans-
forming deviation time-series data into informative images with an adaptive normalization
processing, facilitating enhanced feature extraction for subtle operational deviations. The in-
tegrated CNN architecture focuses on training attention matrices through the combination
of deviation GAF images and curve features, proving to be highly effective in identifying
anomalies such as normal, aging pollution, and arc faults. In summary, this study offers a
comprehensive solution emphasizing the utilization of deviation GAF images and curve
features for reliable anomaly detection and classification for PV systems operations.

For future work, enhancing the approach with advanced techniques like ensemble
learning or deep reinforcement learning could improve its accuracy and robustness. In-
tegrating real-time monitoring and adaptive learning mechanisms is also a promising
direction. Additionally, expanding the dataset to include more diverse anomalies and data
from different PV systems could further enhance the approach. Investigating the integra-
tion of other data types and applying the approach to other renewable energy systems
could also extend its applicability.
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