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Abstract: With the increasing installed capacity of photovoltaic (PV) power generation, it has become
a significant challenge to detect abnormalities and faults of PV modules in a timely manner. Consid-
ering that all the fault information of the PV module is contained in the current-voltage (I-V) curve,
this pioneering study takes the I-V curve as the input and proposes a PV-fault identification method
based on improved deep residual shrinkage networks (DRSN). This method can not only identify
single faults (e.g., short-circuit, partial-shading, and abnormal aging), but also effectively identify
the simultaneous existence of hybrid faults. Moreover, it can achieve end-to-end fault diagnosis.
The diagnostic accuracy of the proposed method on the measured data reaches 97.73%, is better
than the convolutional neural network (CNN), the support vector machine (SVM), the deep residual
network (ResNet), and the stage-wise additive modeling using multi-class exponential loss function
based on the classification and regression tree (SAMME-CART). In addition, the possibility of the
aforementioned method running on the Raspberry Pi has been verified in this study, which is of great
significance for realizing the edge diagnosis of PV fault.

Keywords: photovoltaic (PV) power system; current-voltage curves; fault diagnosis; deep residual
shrinkage networks

1. Introduction

Due to global concerns about climate change, the need to integrate renewable energy
into the power system is increasing [1]. Compared with traditional power generation
modes, photovoltaic (PV) power generation has rich advantages because it is safe, reliable,
noiseless, environmentally friendly, unlimited in resource distribution, and has a high
energy quality and short construction period. PV energy generation has grown in many
countries with the reduction of its costs [2]. According to a report from the Renewable
Energy Policy Network for the 21st century [3], the global installed capacity of PV power
generation in 2020 was 760 GW in total. At the same time, [3] also pointed out that 54.1%
of the recently added global renewable energy installed capacity in the past year was PV
power generation, followed by wind power (about 93 GW, accounting for 36.2%) and
hydropower (about 20 GW, accounting for 7.8%). The remaining new energy comes from
biomass energy, geothermal energy, and concentrated solar energy (CSP). At the same
time, base station operators deploy a large number of distributed photovoltaics to solve
the problems of high energy consumption and high electricity costs of 5G base stations. As
time goes by, PV power generation has drawn increasing global interest.

The reliability of the PV system greatly influences the investment cost. When the PV
system operates under severe weather conditions, it will not only experience performance
degradation [4], but also encounter various faults [5-7], which will greatly reduce its output
power and even cause fire accidents in serious cases [8,9].

In recent years, many PV fault detection algorithms have been developed, which can
be mainly divided into two categories, namely, the visual and thermal method and the
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electrical method. Common visual and thermal method mainly include electroluminescence
(EL) detection and infrared thermal imaging (IRT) detection which is under steady-state
conditions. EL analysis reveals the healthy or defective area of the PV module under
examination in a qualitative, fast, and direct way, and is usually used to detect faults such
as microcracks and contact degradation in PV cells [10,11]. Infrared thermography performs
fault detection by judging whether there are abnormal bright spots in the thermal imaging
image of the module [12]. Ali et al. [13] proposed a support vector machine (SVM) model
based on mixed features, and the data fusion methods are used to form mixed feature
vectors whose features are red-green-blue (RGB), texture, oriented gradient histogram
(HOG), and local binary pattern (LBP). After that, the obtained thermal images of the PV
panels are classified into three different categories of healthy, non-faulty hotspot, and faulty
by SVM. However, the measuring devices should be moved when the infrared thermal
imaging technology detects different PV modules. To address this defect, a more advanced
thermal-imaging-technology-based unmanned aerial vehicle [14] has been developed.

The electrical method can be further divided into three categories, namely power loss
diagnosis, measured voltage, and current diagnosis, and the current-voltage (I-V) curve
diagnosis. For power loss diagnosis, a simulation power model is first established [15],
and then the output power of it is compared with that of the actual PV system for fault
diagnosis [16]. Dhimish et al. [17] proposed a fuzzy inference system (FIS) using a Mamdani-
type fuzzy controller. FIS uses three input variables of power loss percentage, open-circuit
voltage, and short-circuit current to accurately diagnose six different types of hotspot faults of
PV modules. Kuo [18] et al. quantified energy degradation by determining fractional order
dynamic errors (FODEs), and then investigated the hue—saturation-value (HSV) color model
and color relationship analysis (CRA) to separate normal conditions from PV module faults.

The diagnostic method of measured voltage and current refers to the real-time reading of
the output voltage and current by the PV array when the PV system is connected to the grid.
Then, the similarity and difference between the output voltage and current of the PV array in
the normal state and the fault state are used as criterion to further analyze whether the PV
array is faulty. Miao et al. [19] analyzed the characteristics of line-line faults and string-current
behavior under various fault conditions and developed line-line fault detection technology
based on string-current behavior. With this technology, the occurrence, type, location, and
percentage of line-line faults can be determined. Lu et al. [20] converted the sequence current
and voltage of the PV array into a two-dimensional electrical time-series diagram, which was
sent in different fault states to the convolutional neural network for learning. After that, the
learned neural network model was investigated to classify the fault.

The I-V curve of the PV system contains rich fault-characteristic information, which
can be used to classify and identify faults by extracting fault feature quantities contained in
the I-V curve. Huang et al. [21] analyzed the I-V curves of different faults, extracted the
optimal fault features, and then, combined with the particle swarm optimization algorithm,
proposed a trust-region reflection (TRR) deterministic algorithm, which standardized the
fault features under standard constraints. After that, the stage-wise additive modeling,
using a multi-class exponential loss function based on the classification and regression
tree (SAMME-CART) algorithm, was applied to realize the PV fault classification. Dis-
tinctively, Gao et al. [22] did not extract the internal and external parameters of the I-V
curve, but directly adopted the I-V curve, temperature, and irradiance as inputs, and a
one-dimensional convolutional neural network and residual gate recurrent unit were fused
so that an end-to-end shallow PV model was built, and finally, the identification of single
and hybrid faults of the PV system was implemented.

In our previous research [22], Matlab/Simulink was used to build a numerical simula-
tion model. Under standard test conditions (STC, G = 1000 W/ m?2, T=25 °C), a controlled
voltage source was adopted to control the linear variation of the output voltage from 0
to Ve Then, voltage and current sensors were applied to record the voltage and current
output of the PV array, respectively. Thus, I-V curves of the PV array under different
fault states can be obtained. The results in [22] are shown in Figure 1; it could be found
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that the I-V curves of the PV array operated at various states—e.g., the normal state, the
short-circuit (SC) fault, the partial-shading with bypass-diode on (PS-BO) fault, the partial-
shading with bypass-diode reversed (PS-BR) fault, the abnormal aging (Aa) fault, and the
hybrid faults composed of any two faults—have different shapes. When the PV array is
in the SC state, the open circuit voltage V. and the maximum power point voltage Vi,
decrease. Under the PS-BO state, the I-V curve presents a double-peak shape, and the
maximum power point is at the left peak. The shape of the I-V curve in the PS-BR state
also shows a double-peak, but the maximum power point is at the right peak. As for the
Aa state, the slope near the open-circuit voltage point changes. In fact, most of the features
extracted in the literature are obtained from the I-V curve; that is, the I-V curve contains the
abundant PV state information. However, researchers inevitably need to use temperature
and irradiance data, for which additional sensors should be installed. The literature [23]
has pointed out that the irradiance is proportional to the short-circuit current, and the
temperature is inversely proportional to the open-circuit voltage; that is, the information of
irradiance and temperature is also reflected in the I-V curve. This information prompted us
to choose the I-V curve as the input feature in this study, so that the proposed identification
method can be applied to PV power plants without environmental sensors.
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Figure 1. Characteristics of the I-V curve in different states under STC. (a) Single fault states;
(b) Multiple-fault states.

On the other hand, with the development of artificial intelligence technology, more
and more deep learning algorithms have been applied to fault diagnosis. Deep learning
algorithms, including the residual neural network [24], convolutional neural network [25],
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and semi-supervised ladder network [26], play an important role in PV-system fault diag-
nosis. The most significant advantage is that it can automatically mine the fault feature
information contained in the data.

Based on the review and summary of previous work, an improved deep residual
shrinkage network (DRSN) has been constructed in this paper. There is no need to extract
the fault features manually; as an alternative, the I-V output of the PV array is directly used
as an input. Then, the trained lightweight network is applied to identify and classify the
PV array faults. The main contributions of this study are summarized as follows:

(1) Only the I-V curve is chosen as the input of the fault diagnosis network, which reduces
the dependence of the diagnosis network on environmental characteristics.

(2) The structure of the DRSN was improved by adding long short term memory (LSTM)
branches, so as to explore the dynamic time waveform change rule in the I-V curve.

(3) The traditional ReLU activation function was replaced by the Mish function, which
improved the convergence speed and generalization performance of the model.

(4) The algorithm has been trained and tested on Raspberry Pi to detect its application
capability on edge computing terminals.

This study is organized into five Sections. Following the Introduction, Section 2 briefly
introduces the algorithm in this paper. The proposed approach is verified by measured data
in Section 3. Section 4 highlights the advantages of the proposed approach by comparing it
with other methods. Section 5 proposes an edge diagnosis mode. Finally, the concluding
remarks are given in Section 6.

2. Methodology
2.1. Deep Residual Shrinkage Network

DRSN is an improved network based on the deep residual network [27]. The principle
of DRSN is to focus on the important features that are beneficial to the current task through
the attention mechanism, while the non-important features are set to zero through the soft
threshold function [28], so as to enhance the ability of the deep neural network to extract
useful features from noisy signals.

DRSN can be divided into two types, which are the channel-shared threshold (CS)
and the channel-wise thresholds (CW). Each channel shares a threshold in the CS type and
has an independent threshold in the CW type. Generally speaking, the noise information
contained in the feature map of each channel is different. Each channel has an independent
channel threshold that can process noise information more flexibly and obtain a higher
classification accuracy. At the same time, [28] confirmed that the calculation time of DRSN-
CW is shorter than that of DRSN-CS. Therefore, the CW were adopted in this study.

DRSN includes a soft threshold and attention mechanism. The input data whose
absolute value is less than the threshold value can be set to 0 by the soft threshold and
shrink the input data whose absolute value is greater than the threshold value toward
zero. At the same time, soft threshold can also reduce the risks of gradient dispersion and
gradient explosion that deep learning algorithms can encounter to a certain extent [29].
However, there is an obvious shortcoming when soft threshold is applied alone. That is, it
cannot adaptively adjust the size of the threshold according to the different characteristics
of the noise of each sample.

The attention mechanism can be simply comprehended as focusing on the target object
after quickly scanning the global information and ignoring the non-target information,
finally suppressing the interference of irrelevant information while extracting more detailed
information of the target object. Squeeze and excitation network (SENet) adopts one small
sub-network to obtain a set of weights, and then multiplies this set of weights with the
features of each channel to adjust the size of each channel feature [30].

The DRSN uses the aforementioned SENet unit for reference, and the residual shrink-
age building unit with channel-wise thresholds (RSBU-CW) shown in Figure 2 is applied
to achieve a soft threshold under the deep attention mechanism. In the RSBU-CW unit,
K is the number of convolutional kernels in the convolutional layer, M is the number of
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neurons in the fully connected layer (FC), C, W, and 1in C x W x 1 are the indicators of
the number of channels, width, and height of the feature map, respectively.
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Figure 2. Building unit entitled RSBU-CW.

In the RSBU-CW unit, a new feature A is obtained through absolute value and global
average pooling from a feature X. In another path, feature A first passes through a small
fully connected network, and finally normalizes the output to between 0 and 1 through the
Sigmoid function to obtain the coefficient o. Therefore, the threshold value T after the soft
threshold can be expressed as A x ¢. The calculation formula of the Sigmoid function is

shown as: )

T lte

where z, is the feature at the n-th neuron, and oy, is the n-th scaling parameter. After that,
the thresholds are calculated by

M

On

Tn = 0n - globalaverage| x| ?
ij

where T, is the threshold for the n-th channel of the feature map and i, j, n are the indexes
of width, height, and channel of the feature map X, respectively.

The construction of the RSBU-CW unit ensures that the thresholds of different samples
are different. Therefore, the RSBU-CW unit can be understood as another manifestation of
the attention mechanism: through soft thresholding, features irrelevant to the current task
are set to 0, while those relevant to the current task are retained.

Structurally, the DRSN consists of a convolutional layer, activation layer, global aver-
age pooling layer (GAP), batch normalization (BN), a certain number of RSBU-CW units,
and several fully connected layers.

However, since DRSN does not contain recurrent neurons in its structure, it is not
easy for DRSN to capture the characteristics of correlation and dependence between data
when faced with long sequences of data. In short, compared with the dynamic time series
feature mining model, the structure of DRSN determines that it is more sensitive to the
static features contained in the sample.

2.2. Improved Deep Residual Shrinkage Network

In order to address the defect of DRSN, an improved structure of DRSN is proposed.
An LSTM branch is added to the DRSN to compensate for the dynamic timing characteristics
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required by the diagnostic network. At the same time, replacing the ReLU activation
function used in DRSN with the Mish function can better allow information to penetrate
into the neural network and thus improve the accuracy of network classification.

LSTM is one of the variants of the recurrent neural network (RNN) [31]. The archi-
tecture of LSTM is shown in Figure 3, and its principle can be expressed as follows: the
discarded information is determined through the forgetting gate, the information of the
previous hidden state and the information of the current input are transmitted through the
input gate, and the value of the next hidden state is determined through the output gate.

forget gate

s~

input gate output gate
Figure 3. Architecture of LSTM.

Mish is a self-regularized non-monotonic neural activation function [32]. It can be
expressed as:
Mish(x) = x - tanh(log(1 +€*)) ©)]

Mish has the advantage of being a non-monotonic function, which helps the network
maintain a small negative value in the calculation process and thus stabilize the gradient
flow of the network. In addition, it has infinite order continuity and smoothness, which
makes it an efficient way to optimize the output and improve its quality.

Deep neural network (DNN) is a variety of neural network with at least one hidden
layer, which can provide modeling for complex nonlinear systems. Compared with the
shallow neural network, the additional hidden layer of DNN provides a higher level of
abstraction for the model and improves the capability of the model.

Through the above analysis, an end-to-end fault diagnosis model based on improved
DRSN is proposed. The complete structure of the proposed network is shown in Figure 4,
which is mainly composed of DRSN, LSTM, and DNN. In the network, Conv2D represents
the two-dimensional convolution layer. “/2” means to move the convolutional kernel with
a stride of two to reduce the width of the output feature map. First of all, the improved
network reduces the impact of noise on the network and extracts the static characteristics of
the fault samples by the DRSN branch. Furthermore, it memorizes and mines the dynamic
timing law of the fault samples in the time dimension by the LSTM branch. Then, the
network connects the fault features of the output of the two branches in series and uses
DNN to further mine them. DNN can re-code the combined features to remove some
redundant information contained in the features and help the model to accomplish the
target task better. Finally, the output of DNN was classified by Softmax funtion.

2.3. Process of PV Fault Diagnosis

APV fault diagnostic method based on improved DRSN is proposed, and its execution
process is as follows:

(1) Solar system analyzer is used to collect the I-V curves of the PV array.

(2) Adopt the open-circuit voltage and short-circuit current at the STC of the array to
standardization the voltage and current data, and reconstruct the standardized voltage
and current into an n x 2 matrix as the input of the diagnostic model.

(3) The samples are randomly divided into three categories by proportion including
training set, validation set, and test set.
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(4) Input the training set samples into the improved DRSN model. The model adaptively
learns the characteristics of the training set samples and uses the validation set samples
to adjust the network weights until the accuracy of the model validation set converges.

(5) Input the test-set samples into the trained model to evaluate the fault diagnosis
performance of this model.

== — 7 Input Layer
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Figure 4. Complete structure of proposed network.

3. Experimental Verification
3.1. Introduction to the Experimental Platform

A PV experimental field with a capacity of 6.48 kWp, called field A, was established to
evaluate the performance of the proposed method. There are 24 PV modules in it, including
two series and 12 PV modules in each series. The parameters of each PV module are
illustrated in Table 1. In this study, the fault diagnosis of the single-string PV system is
analyzed first. The simulation of the fault is shown in Figure 5. The model of the solar
system analyzer is PROVA1011(TES Electrical Electronic Corp, Taiwan, China), which
was used to collect the I-V curves of the PV system. Meanwhile, two Y-shaped taps are
short-connected to simulate SC faults. Due to its good shading properties and because
it is not easily deteriorated when exposed to the sun, corrugated cardboard is chosen to
shelter the PV array to simulate PS-BO fault. At this moment, the bypass-diode of the
sheltered PV module is turned on. PS-BR faults are simulated by plastic bags with a higher
light transmittance, and the bypass-diode of the sheltered PV module reverses. A sliding
rheostat is connected in series in the module to simulate the Aa fault of the module. The
irradiance range of all experimental samples is about 150 to 1000 W/m?.

The sample category and number of samples are found in Table 2, including the
single-fault and hybrid-fault category. The data of four single faults including SC, PS-BO,
PS-BR, and Aa, and six hybrid faults composed of two arbitrary single-fault combinations,
such as SC and PS-BO representing the combination of SC and PS-BO faults. The data are
randomly selected by different sample categories at a proportion of 6:2:2, and a total of
1320 sets of data are adopted as the training set, and the sets of the validation and the test
set are both 440.
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Table 1. The parameters of the PV module in field A under STC.

Pm Vm Im VOC ISC
270 W 313V 8.63 A 385V 9.09 A

# .
Connect aging
resistance in serie

Figure 5. PV experimental field.

Table 2. Summary of measured experimental fault type.

Fault Type Description Category Label Sample Number
Normal Class 0 200
SC Class 1 200
PS-BR Class 2 200
PS-BO Class3 200
Aa Class 4 200
SC & PS-BO Class 5 200
SC & PS-BR Class 6 200
SC & Aa Class 7 200
PS-BO & Aa Class 8 200
PS-BR & Aa Class 9 200
PS-BR & PS-BO Class 10 200

The application of traditional PV fault diagnostic methods usually faces the severe
challenges of remote data transmission and cloud storage, which, fortunately, has been
effectively solved by edge computing. Therefore, the designed diagnostic model needs to
be lightweight enough to run efficiently on equipment with limited computing power. In
this study, the algorithm is directly trained and tested on Raspberry Pi 4B, the operating
system is Ubuntu 21.04, and the software platform is Keras.

3.2. Selection of Hyper-Parameters

After repeated parameter tuning, the hyper-parameters of the model are depicted
in Table 3. Table 3 defines the layer names based on Figure 4. Specifically, the residual
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shrinkage block consists of six RSBU-CW units, and the hyper-parameter setting in each
unit is kept consistent. The Mish function of each activation layer in the RSBU-CW unit
is investigated. The number of channels for the output feature map is set to eight and
the downsample strides is set to two. The output dimension of the LSTM layer is set to
16. To prevent network overfitting, the LSTM layer applies the dropout whose coefficient
is set to 0.2. DNN consists of three Dense layers named Densel, Dense2, and Dense3.
Num_neurons represent the number of neurons in the Dense layer. The regularization
method of the output layer is L2 regularization, and the regularization coefficient is set to
0.0015. The cross-entropy is selected as the loss function. In addition, during training, the
maximum epochs of the network are 1000, the initial learning rate of Adam is 1 x 1074,
and the batch is equal to 32.

Table 3. Parameters used in experimental verification.

],};}l’;r K;;ZH:I Ilj;:n(:efl Stride Activation Output
Input layer - - - - 149 x 2 x 1
Conv2D (3,3) 8 1,1 - 149 x 2 x 8
Residual number of RSBU-CW units = 6
shrinkage out_channels = 8 3x1x8
block downsample_strides = 2
LSTM output dimension = 16, dropout coefficient = 0.2 16
Densel num_neurons = 256 ReLU 256
Dense2 num_neurons = 128 ReLU 128
Dense3 num_neurons = 64 ReLU 64
Output layer 11 1 - Softmax 11

3.3. Feature Visualization

t-SNE (t-distributed stochastic neighbor embedding) is a machine learning algorithm
suitable for reduction dimension, which was proposed by Maaten and Hinton in 2008 [33].
Moreover, t-SNE is a non-linear dimension reduction algorithm, which is fit for reducing
the dimensionality of high-dimensional data to two or three dimensions to perform feature
visualization. In this study, the PCA algorithm is adopted as a dimension reduction tool.
Figure 6 shows the two-dimensional visualization results of t-SNE of the training set data,
before and after model training. It should be noted that abscissa and ordinate in Figure 6
represent the corresponding locations where the samples map to low-dimensional space,
which has no units.

The distribution of the original data is shown in Figure 6a. It can be found that most
of the data are relatively discrete, randomly appearing in various regions. Only a small
part of the data is relatively centralized. This phenomenon is caused by the fact that t-SNE
is essentially a clustering algorithm with classification function. The sample features of
normal, SC, PS-BR, and other types of data have not been mined before training, and the
differences among samples are small, so it is difficult for the algorithm to cluster them.
The I-V curves of PS-BO, SC and PS-BO, and PS-BO and Aa have serious distortion and
obvious fault characteristics, so they have significant distribution intervals when they
are inputted. However, the samples of these fault types still cannot be gathered in their
respective characteristic intervals.

The feature visualization results of the output layer are shown in Figure 6b. At this
time, the best discrimination between various types of data is achieved, and only a few
samples of normal and Aa have obvious overlapping phenomenon. The reasons for this
phenomenon are: (1) the sampling method of the solar system analyzer investigated in the
experiment is non-uniform, and the data near the short-circuit point is denser, while the
data near the open-circuit point is looser, which is the reason that the slope change near the
open-circuit point is not obvious; (2) when Aa occurs in a PV module under low irradiance,
the fault features of the sample are not obvious enough, and it is easy to be misjudged as a
normal sample, which is also one of the difficulties of PV detection. Part of the Aa samples
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was collected under 500 W/m?, and the I-V curves of these samples were close to the shape
of normal samples, which resulted in the model not being able to correctly classify them.
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Figure 6. t-SNE visualization result of measured experiment. (a) Original data; (b) Output data.

3.4. Analysis of Model Training and Test Results

The changes in the accuracy and loss of the training set after 2000 iterations of the
model are illustrated in Figure 7. The final training accuracy of the model reached 97.65%.
The accuracy and loss of the training set quickly converge after 500 iterations. Thus, in
order to speed up the training speed of the model, the final Epochs is set to 1000.

Accuracy, precision, and recall are commonly used evaluation indexes in the field
of machine learning. The accuracy reflects the proportion of samples that are correctly
identified. The recall reflects the recall ability of the algorithm; that is, the number of
positive samples that are predicted correctly. The precision refers to the number of real
positive samples among the samples whose predictions are positive. The calculation
formula is as follows [34]:

TP+ TN @)
TP+FN+FP+TN

Accuracy =
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TP
Recall = TP + FN 5)
.. TP
Precision = TP+ FD (6)

where TP is the true positive category, FN is the false negative category, FP is the false
positive category, and TN is the true negative category.

=)
®
19
=

=
=)

Accuracy
Loss

b
=

e
[
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Epochs Epochs

(a) (b)

Figure 7. Training results of 2000 iterations. (a) Curve of accuracy—epochs; (b) Curve of loss—epochs.

The network weight with the optimal training accuracy is saved to generate a fault
diagnosis model. The model is used to diagnose 440 test samples obtained from the
experimental platform. A total of 430 samples are correctly identified, and the overall
accuracy is 97.73%. It is worth noting that once the model weight parameters are fixed, the
results are the same for the same test data or test set. In order to make the performance of the
model to be reflected more intuitively on the test set, a confusion matrix is used to display
the classification results of the model. The results of the confusion matrix normalized row
by row are shown in Figure 8a, which represents the index of recall, and the results of the
confusion matrix normalized by the column are shown in Figure 8b, representing the index
of precision. The labels of the samples in Figure 8 are consistent with Table 2. In Figure 8,
the accuracy rate is represented in blue and the error rate is represented in red.

In Figure 8a, it is clear that 3% of the normal samples are judged as Aa ones. The
recall of Aa samples was 0.80, and parts of samples were judged to be normal samples and
PS-BR samples. The reason is that for these Aa samples judged as normal types, the slope
change feature of -V curve near the open point is not obvious enough, which leads to the
model being not able to correctly identify them. The Aa samples judged to be PS-BR may
be sheltered by dark clouds when measured and the double-peak feature of PS samples
appeared on their I-V curve, which causes interference to the model diagnosis. In addition,
a small number of PS-BR and Aa samples were misjudged as Aa samples. Except for the
three types of samples, the recall rate of the other types of samples reached 100%.

It is observed from Figure 8b that aiming at the sample labels predicted by the model,
except for the normal, PS-BR, and Aa samples, the prediction results of the other types of
samples are both completely correct.

3.5. Influence of Different Irradiance

In order to test the identification accuracy of the proposed method under different
irradiance, the collected 440 test-set samples were divided into high irradiance (800 W/m?
< G < 1000 W/m?), medium irradiance (500 W/m?2 < G < 800W/m?2), and low irradiance
(150 W/m? < G < 500 W/m?), respectively. The test results are shown in Table 4. It
is clear that the accuracy of proposed method has a certain difference under different
irradiance. The diagnostic accuracy under high irradiance reaches 100%, but under low
irradiance the accuracy is only 93.2%. Compared with the condition of high irradiance, the
diagnostic accuracy dropped by 6.8% in the low irradiance. Although the accuracy of the
diagnosis model is low under low irradiance, the misjudged samples mainly appear on the
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Aa samples, and the model can still maintain a high accuracy of other types of samples.

The reason is that, in the case of low irradiance, the I-V curve of the PV array tends to
be distorted to a certain extent, resulting in the inconspicuous fault characteristics of the
sample, which is consistent with the analysis results in Section 3.3.
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Figure 8. Confusion matrix of measured experiment. (a) Confusion matrix of recall; (b) Confusion

matrix of precision.

Table 4. Test result in different irradiance.

Testing Accuracy

Fault Type
150-500 W/m? 500-800 W/m?  800-1000 W/m?  Total Accuracy
Normal 90% 100% 100% 97.5%
sC 100% 100% 100% 100%
PS-BR 100% 100% 100% 100%
PS-BO 100% 100% 100% 100%
Aa 50% 88.9% 100% 80%
SC & PS-BO 100% 100% 100% 100%
SC & PS-BR 100% 100% 100% 100%
SC & Aa 100% 100% 100% 100%
PS-BO & Aa 100% 100% 100% 100%
PS-BR & Aa 100% 95.2% 100% 97.5%
PS-BR & PS-BO 100% 100% 100% 100%
Total 93.2% 98.5% 100% 97.73%
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3.6. Verification in a Multi-String System

In order to further evaluate the applicability of the diagnostic network in the multi-
string PV system, a double-string experiment was also carried out in this study. It can be
seen from Table 1 that the short-circuit current of single-string PV modules under the STC
condition is 9.09A, and the short-circuit current of double-string modules in parallel are
much higher than 12A. However, the maximum current range of the solar system analyzer
(PROVA1011) used in the research is only 12A, so experiments were carried out under low
irradiance. During the experiment, the irradiance was kept below 600 W/m? to obtain the
I-V curve.

The data of normal, SC, and PS-BO were collected in the experiment, and the sample
numbers of each type were 106, 125, and 116, respectively. The data samples were ran-
domly divided according to the ratio of 6:2:2. The hyper-parameters setting of the model
are consistent with that of the single-string experiment. Finally, the trained model was
developed to classify faults in the test set. Table 4 shows the test results, using recall as the
evaluation index.

It can be seen from Table 5 that the model shows high identification accuracy for
all three types of samples. The experimental results show that the diagnostic model is
also suitable for multi-string PV arrays. In short, the diagnostic method can meet the
requirements of the PV experimental field with different wiring types. When the scale of
the PV array changes, the model needs to be retrained.

Table 5. Test result of the double-string experiment.

Fault Type Normal SC PS-BO
Sample number 21 25 23
Recall (%) 100% 100% 100%

3.7. Analysis of Anti-Interference Ability

When performing I-V curve measurement, data collection is usually interfered by
equipment noise. As the noise intensity increases, it inevitably causes interference to the
fault diagnosis of the model and generates a decrease in the accuracy of the network. The
adaptive ability of the model was evaluated by adding Gaussian white noise to the data.

The signal-to-noise ratio (SNR) reflects the ratio of the normal signal to the noise
signal [35]. The larger the SNR, the smaller the noise mixed in the normal signal. The
calculation formula is:

SNR =20 loglo(%) (7)
where ¢ represents the percentage of noise.

In order to further analyze the advantages of the proposed method in terms of anti-
interference ability, the convolutional neural network (CNN) model, and the deep residual
network (ResNet) model proposed in [24] were constructed to compare with the proposed
method. The CNN model adopts the traditional VGG-16 structure. The test results of the
above several models under different SNRs are shown in Table 6.

Table 6. Classification accuracy under different SNR.

o Proposed
£ (%) SNR Me*:ho P CNN ResNet
0 - 97.73% 88.41% 93.18%
0.316% 50 dB 97.73% 88.41% 93.18%
1% 40 dB 97.73% 88.41% 93.18%
3.162% 30 dB 97.73% 87.05% 92.05%
10% 20 dB 94.09% 85.00% 91.36%

31.622% 10 dB 92.50% 77.50% 87.27%
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The test results indicate that the anti-interference ability of the proposed method is
the best among several models. The proposed method, which contains a soft threshold
and attention mechanism, amplifies target information and ignores non-target information
when extracting features from samples. The non-target information of the sample contains
a certain amount of noise interference. After using the soft threshold, the proportion of
target information in the remaining features increases significantly. In other words, the
influence of noise on the model is significantly decreased by soft threshold. The increase
of noise intensity has no obvious impact on the diagnostic results of the model, and the
diagnostic accuracy does not decrease significantly until the noise intensity is greater than
10%. However, the noise intensity in practical engineering is generally maintained at
a small amplitude. In other words, the proposed method is not disturbed by noise in
practical applications.

4. Comparison and Discussion
4.1. Performance Evaluation of Improved DRSN

In order to further analyze and evaluate the improvement measures of the proposed
method, the LSTM and DRSN models were constructed respectively. Then, the three models
were tested with the same measurement data set and distribution proportion. Table 7 shows
the executing results of the three models. It can be clearly seen that the proposed model
has a highest accuracy on both the training and test set, and the test time is less than the
DRSN model. The test time of the LSTM model is the least, but the test accuracy is the
lowest, which obviously indicates that the results from using a separate LSTM are limited.
The diagnosis time of the DRSN model is the slowest; moreover, the extracted features are
not complete, and the accuracy is lower than the proposed method.

Table 7. Execution result of different models.

Model Proposed Method LSTM DRSN
Training accuracy 97.65% 89.24% 95.15%
Testing accuracy 97.73% 87.05% 96.60%
Running time/epoch 6s 5s 1s
Test time/sample 0.0318 s 0.0102 s 0.0360 s

4.2. Comparison and Analysis of Different Methods

Briefly, the proposed method integrates the advantages of LSTM and DRSN, which
achieve a better classification effect in a shorter diagnosis time by the static features mined
by DRSN and the dynamic timing law memorized by LSTM.

For further evaluation of the performance of the proposed method, a quantitative
comparison was carried out between the proposed method and the other three methods
used in [21,24,36], and the results are shown in Table 8 and Figure 9. In order to ensure
the fairness of the quantitative comparison, the same dataset and data partition method
adopted in Section 3.1 were used to test the four methods. In other words, this study
reproduces the methods proposed in [21,24,36] by Matlab or Python, and the dataset in
Section 3.1 were used to evaluate the fault diagnosis performance of these methods.

Table 8. Comparison of the test results of different methods.

Proposed
Method

Accuracy (%) 97.73 89.55 93.18 78.86
Test time (ms)/sample 31.8 27.9 26.2 10.7

Method [21] [24] [36]
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Figure 9. Comparison results of each fault category by four methods. (a) Comparison results of recall;
(b) Comparison results of precision.

Huang et al. [21] optimally solved the nonlinear least square method to standardize the
external parameters of the PV system. Then, [21] applied the normalized external parame-
ters as the characteristics, and the stage-wise additive modeling using multi-class exponen-
tial loss function based on the classification and regression tree (SAMME-CART) algorithm
was investigated to realize the PV fault classification. In [24], Chen et al., adopted a non-
uniform downsampling technique to process the data from the I-V curve, and then recon-
structed the voltage, current, irradiance, and temperature into a 4 x 40-dimensional input
matrix, and finally applied the residual neural network to classify the faults. Zaki et al. [36]
first calculated the standardized maximum power point voltage V,;;, the maximum power
point current [,;, and the PV module fill factor FF as input data, and then joined CNN
for fault classification to identify the single fault such as open circuit, shading, and line—
line fault.

When building the model, the features used in [36] cannot deal with the single-fault
and hybrid-fault mentioned in this study, so Isc, Voc, Im, Vm, Temperature, Irradiance, FF,
and R, (the slope of open-circuit point) are investigated as input fault characteristics. The
construction of the ResNet model is consistent with the structure proposed in [24]. The test
results show that the proposed method is significantly better than the other three methods,
not only in terms of the overall accuracy of the test set, but also the recall and precision of a
single category, and that the classification effect is best. Comparing the diagnosis time of a
single sample, although the proposed method is the slowest and since the diagnosis time
of several methods is so short, there is no significant difference in practical applications.

Compared with the two methods of extracting fault feature points in [21,36], the
proposed method and [24] performed significantly better on the test set, which proves that
the I-V curve is directly applied, as the input can retain more fault characteristic information.
Despite this, using the I-V curve as an input can retain the timing characteristics of the
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curve, which is impossible for the other two methods. The overall accuracy of [24] is 93.18%,
which is the best besides the method proposed in this study, but it does not perform very
well in categories such as Normal, SC and PS-BR, and Aa, and many misjudgments occur.

Although the overall accuracy of [21] is not as good as [24], it also realizes the effective
identification of most of the fault samples, and the performance is better when the types of
samples are SC, PS-BO, SC and PS-BO, PS-BO and Aa, and PS-BR and PS-BO.

As for [36], even if the input is changed, the identification accuracy of this method
is still the worst among all methods, and the identification accuracy of [21] with similar
input is much better than [36]. That is due to the model in [36] only using a two-layer CNN
structure whose simple shallow network leads to a poor network extraction of features,
and the fault features cannot be effectively retained.

It can be seen from Figure 9 that the diagnostic accuracy of the Aa fault is much lower
than that of other categories. The inability of the diagnostic model to fully distinguish
normal samples from Aa samples is the main reason for this phenomenon, which can also
be observed in Figure 6. In addition to the two points mentioned in Section 3.3, another
reason for this phenomenon is that the aging resistance of some samples is not large enough,
that is, only 6 (3, which makes the slope change of the open-circuit point of I-V curve not
obvious enough and increases the detection difficulty.

5. Edge Diagnosis of PV Faults

The traditional fault diagnosis process of PV module is shown in Figure 10. When
troubleshooting the array, it is necessary to temporarily stop the grid connection, the solar
system analyzer is used to extract the I-V curve of the array, and then copy the I-V curve
to the computer for fault identification. The long-distance transmission of data and the
decrease in energy utilization caused by the diagnosis process were the most serious defects
of the traditional diagnostic method. In addition, another disadvantage of it is that the
maintenance process is complex and requires on-site operation.

Copy =

Figure 10. Traditional fault diagnosis process.

With the development of inverter technology, some commercial inverters can realize
I-V curve scanning online, so the proposed algorithm can be embedded into the CPU of
the inverter to realize fault diagnosis. In order to ensure that the diagnostic method can
be applied to ordinary inverters, this study investigates a PV fault edge diagnosis system
based on Raspberry Pi. The structure is shown in Figure 11. The device consists of two
parts, Part I in Figure 11 is the control circuit. S1 is the control switch used to cut off the
connection between the PV and inverter so as to complete the I-V curve scanning. MOSFET
chooses the NVHL020N120SC1 module with a maximum drain-to-source voltage of 1200 V
and a maximum saturation drain-source current of 103 A. Under the control of Raspberry
Pi, the gradual change process from turn-off to turn-on is completed within 2 s; that is,
the I-V curve scanning. Voltage and current are collected by selecting hall sensors. Part
II in Figure 11 is the control core of the device, the control module is Raspberry Pi, and
the AD sampling module is AD7606. When the fault diagnosis is needed, the command
is first issued to control the MOSFET operation, and the voltage and current signals are
collected by AD7606. Then, the fault diagnosis program is called to complete the PV
status recognition. Finally, the diagnosis results are uploaded to the cloud. Operation and
maintenance personnel can start fault diagnosis and view diagnosis results in real time
through the mobile APP.



Energies 2022, 15, 3961

17 of 20

I-V Curve

h N\ ) Raspberry Pi Diagnostic result

Figure 11. Workflow of the edge diagnosis system.

In order to verify whether Raspberry Pi meets the requirements of fault diagnosis, the
same training set and validation set were used to train the diagnosis model in advance
on PC and Raspberry Pi, and then the same software platform was applied to diagnose
the same test-set samples. The hardware parameters of the PC are: XEON W-2123 CPU,
2 pieces of GTX1080Ti GPU, and 32 GB RAM. The model of Raspberry Pi is Raspberry Pi
4B, the operating system is Ubuntu 21.04, and the software platform is Keras. After testing,
the diagnosis time of each sample on the PC is 0.0305 s, and the time of Raspberry Pi is
0.0318 s. The diagnosis time of the two devices is very close. Experiments show that it is
reasonable to use Raspberry Pi as a lightweight diagnostic device.

The information interaction between the cloud and the edge terminal is a bidirectional
process. With the aging of the array, the number of fault samples continues to increase, and
the fault database will be gradually improved. Operation and maintenance personnel can
send instructions to the Raspberry Pi in the cloud to fine tune the parameters of the model
to maintain the accuracy of model diagnosis. At the same time, in order to reduce power
consumption and maintain diagnostic accuracy, the diagnostic system can be set to start at
noon every day. At this time, the light intensity reaches the maximum, and the interference
caused by environmental factors to the diagnostic results is the minimum.

6. Conclusions

In this study, an improved deep residual shrinkage network fault diagnostic method is
proposed by observing the I-V curve shape characteristics of a PV array under single- and
hybrid-fault states. The proposed method consists of DRSN, LSTM, and DNN. The DRSN
branch can reduce the impact of noise on the network and extract the static characteristics of
fault samples, while the LSTM branch can remember and mine the long-term dependence
and temporal correlation of fault samples in the dimension of time. Finally, DNN can
recode the combined features of the two branches, remove some redundant information
contained in the features, and improve the classification accuracy. The results show that
the improved model can accurately identify single and hybrid faults, and the classification
accuracy of test set reaches 97.73%, which verifies the effectiveness of the proposed method.
At the same time, the method does not need to use environmental parameters such as
temperature and irradiance, and can be applied to PV power plants even if they lack
environmental sensors. In addition, a fault edge diagnosis scheme of PV array based on
Raspberry Pi is proposed, which can meet the needs of fault diagnosis and has a high
practical application potential.
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Nomenclature

1Y% photovoltaic

DRSN deep residual shrinkage networks

CNN convolutional neural network

LST™M long short term memory

STC G =1000 W/m?, T =25 °C

SC short-circuit

CS channel-shared thresholds

Cw channel-wise thresholds

RNN recurrent neural network

DNN Deep neural network

t-SNE t-distributed stochastic neighbor embedding
P the true positive category

FN the false negative category

FP the false positive category

TN the true negative category

SNR signal-to-noise ratio

ResNet deep residual network

PS-BO partial-shading with bypass-diode on

PS-BR partial-shading with bypass-diode reversed
Aa abnormal aging

Voc open circuit voltage of the PV array

Isc short circuit current of the PV array

Vi maximum power point voltage of the PV array
Im maximum power point current of the PV array
Pm maximum power of the PV array

SENet Squeeze and excitation network

RSBU-CW  residual shrinkage building unit with channel-wise thresholds
A feature map

X feature map

o coefficient

T threshold value

Zp the feature at the n-th neuron

On n-th scaling parameter

T the threshold for the n-th channel of the feature map
FF PV module fill factor

Roc the slope of open-circuit point
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