Applied Energy Symposium 2020: Low carbon cities and urban energy systems

October 10-17, 2020
Paper ID: xxxx

Deep transfer learning based fault diagnosis of photovoltaic array

Senbai Dai%?, Zhicong Chen®?’, Lijun Wu'?2, Shuying Cheng'?, Peijie Lin'?
ICollege of Physics and Information Engineering, Fuzhou University, 2 XueYuan Road, 350116 Fuzhou, China
2Jiangsu Collaborative Innovation Centre of Photovoltaic Science and Engineering, 213164 Changzhou, China

ABSTRACT

In the past ten years, many artificial intelligence
methods have been successfully applied to the fault
detection and diagnosis of photovoltaic arrays, but most
ofithem rely on complex manual feature extraction and
a large amount of actual monitored fault data. Because
the scale of the actual photovoltaic power plant is too
large, it is difficult to obtain a large amount of data. In
the case of small training data, it will severely limit the
performance of the fault diagnosis model. In response to
these problems, this paper first proposes a multi-
eélemént time series waveform based on maximum
power point tracking as the fault feature. The
interference data is filtered through the change point
algorithm to obtain the fault feature with absolute high
guality and complete information. We also designed a
simulation model of photovoltaic array based on
Simulink, and obtained simulation data and experimental
data ‘through simulation and actual experiment. In
addition, this paper proposes a fault detection and
diagnosis method based on transfer learning for densely
connected convolutional neural networks (DenseNet),
using simulated data for pre-training, and then using
experimental data for fine-tuning. The comparison of
experimental results proves that the fault diagnosis
method can achieve better results in terms of accuracy,
generalization performance, and reliability in the case of
small samples.
Keywords: fault diagnosis, DenseNet, transfer learning,
time series

1. INTRODUCTION

With the rapid development of the photovoltaic
industry and the rapid growth of photovoltaic installed
capacity, the service life and safety of photovoltaic arrays
have received more and more attention[1]. Common
fault types of photovoltaic arrays can be divided into

short circuit fault, open circuit fault, aging fault, shadow
fault, arc fault, etc.[2]. In order to diagnose and classify
these faults, various artificial intelligence-based fault
diagnosis techniques have been proposed in the past few
decades[3, 4]. Benkercha et al. [5]proposed a decision
tree algorithm, which is simple and easy to implement
and can distinguish line faults. Millit et al.[6] proposed a
fault diagnosis method based on artificial neural
network , using only the current and voltage of the
photovoltaic array. Elyes et al. [7] proposed a
probabilistic neural network that still has a high
diagnostic rate in the face of noisy DC anomalies, but
cannot detect a short circuit of a module. These
traditional machine learning algorithms rely on manually
extracted features, are very sensitive to interference
data, and have poor generalization ability and
robustness. Lu et al.[8] proposed a fault diagnosis
algorithm based on convolutional neural network, which
uses the transient time series of fault occurrence as
features. This method can automatically extract key
features from the original voltage and current timing
diagrams. These artificial intelligence-based methods
rely on a large amount of training data, and it is difficult
to collect a large amount of comprehensively labeled
photovoltaic fault data. To solve this problem, we
propose a multivariate time series based on transient
steady state as the fault feature, which can filter out a
large amount of interference data. In addition, a method
based on deep transfer learning is proposed, a large
amount of fault data is simulated by SIMULINK for pre-
training, a fine-tuning method is used, and a very small
amount of real data is used to retrain the network.
Experimental results show that this method has good
generalization ability and accuracy in identifying various
common faults.
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2. FAULT SIMULATION AND DATA ANALYSIS
2.1 Modeling of PV array based on SIMULINK

The photovoltaic system in this study consists of 18
PV modules, which are configured as 3 parallel strings
and 6 series modules. The model of the monocrystalline
silicon PV module is GL-m100, as shown in Figure 1(a).
Each of the PV modules uses a commonly used high-
efficiency single diode model (Sdm), as shown in Figure 1
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(a)  3*6 PV array model

(b)  Model of PV module
Fig. 1. Simulink based model of the PV module and array
Assuming that all solar cells in the array are uniform,
the sdm model can be directly applied to photovoltaic
modules [9, 10], the equation is as follows:
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2.2 analysis of early photovoltaic array faults
Large-scale photovoltaic power plants are mostly built in
the wild with sparsely populated people and harsh
environment. They are prone to various faults, including
short-circuit faults, line-to-line faults, open-circuit faults,
degradation faults, and shadow faults. In this study, the

above faults are studied. Because these are relatively
common and frequent occurrences.

The simulation of the fault is shown in Figure (2), (E1, E2,
E3, E4, E5) are triggers, and the values before and after
the fault can be set to control five kinds of faults
respectively. E1 is connected to a multiplier to control
the irradiance ratio and simulate shadow failure. E2
connects an ideal switch and open circuit resistance R_de
(10MQ) to control the degradation fault, E3 connects an
ideal switch and R_oc to control the open circuit fault. E4
is connected to an ideal switch to control line-to-line
faults, ES is connected to an ideal switch to control short-
circuit faults. When the ideal switch input value is 0, it is

open, and when the input value is 1, it is closed.
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Fig. 2. Simulation of five faults

2.3 Data preprocessing

The flow chart of the feature data preprocessing of
the photovoltaic array is shown in Figure 3. From the
voltage data of the real photovoltaic array, 200 seconds
of continuous electrical parameters are selected, as
shown in Figure 4, the irradiance changes greatly in the
8100-8160 seconds, and the inverter adopts the
disturbance observation method , Tracking the
maximum power point with a voltage of 2 steps, in the
8220-8300 seconds, the irradiance appeared short-term
stability, so it reached the maximum power point,
forming a transient steady state oscillation waveform,
when the temperature And when the irradiance is stable,
the transient steady-state waveform is also unique. Take
each continuous 100 photovoltaic array working voltages
as a set, randomly select a point to divide the set into two
parts, calculate the residuals between the points on both
sides and the average of each part. When the total
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residuals reach the minimum value, the change point can
be found, and the formula is as follows:

) = SV — = DR + B0V - A/ SLEN )

AS Bringin (V4, V,, V3, Vk,.....Vi00) in turn, when J gets
the minimum value, record the time node of V,, as
shown in Figure 5. According to the average deviation
between adjacent nodes, the oscillating waveform at the
maximum power point is automatically selected. By
compressing and sampling the waveform, you can get
the time series-based characteristics of the current time
period waveform, as shown in Figure 6. For other
electrical characteristics, including the total current of
the photovoltaic array(lsv), the power of the photovoltaic
array(P»v), the current of string 1(l1), the current of string
2(12), the current of string 3(ls), the reference board
voltage(V:), the reference board current(l.), according
to'the corresponding time node, Do the same sampling
to obtain a total of 8x30 data, and stitch them into a two-
dimensional feature matrix, as shown in Figure 7.
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Fig. 3. Flowchart of data preprocessing
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Fig. 4. 200 seconds voltage of PV array
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Fig. 7. Two-dimensional features based on electrical
characteristics

3. METHOD BASED ON DEEP TRANSFER LEARNING
INTRODUCTION
3.1 Densely connected convolutional neural network
As the number of layers of convolutional neural
networks increases, the two issues of gradient vanishing
and model degradation have received more and more
attention. The densely connected convolutional neural
network adds the features of each layer to the decision,
which reduces the use of each layer of convolution and
supports the reuse of features. The densely connected
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convolutional neural network structure proposed in this
paper includes three parts: Dense Block, transition Layer,
and Classification Layer, as shown in Figure 8.

Dense Block Dense Block
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Transition Classification

nput
P Layer Layer

Fig.8 The proposed Dense structure.

The structure of Dense Block can better improve the
transfer of information between layers. In Dense Block,
the size of each feature map is the same, so it can be
connected on the channel. Each layer is connected with
all the previous layers in the channel dimension and used
as the input of the next layer. The expression is as
follows:

X; = Hy( [Xo, X1, X5 . Xz21]) 4
lt'means that the {th layer takes the feature maps of all
previous layers Xy, X1, X5 ... ... X¢-1 as input, where
[Xo, X1, X5 - ... X;_1]represents the cascade of feature
maps. The nonlinear combination function H(-) between
each layer adopts the structure of BN+Relu+3x3 Conv,
and the structure of the transfer layer is BN + Conv(1x1)
+.2x2 average-pooling. The classification layer uses two
fully connected layers and a Softmax function. The
detailed network structure diagram is shown in Table 1.
Among them, Convolutionl-5 is Dense Blockl,
Convolution6 and Poolingl are transfer layers, and Fully
connection1-2 and Softmax are classification layers.

Laayers Convolution Stride  Padding Output
kernel dimension
Convolutionl 33 1 1 8>30x1
Convolution2 33 1 1 8>30>2
Convolution3 33 1 1 8>30>4
Convolution4 33 1 1 6>30>8
Convolution5 33 1 1 6>30x16
Convolution6 1x1 1 0 8>30>4
Poolingl 22 2 0 4x15>4
Convolution7 33 1 1 41554
Convolution8 33 1 1 4x15>8
Convolution9 33 1 1 4x15x16
Convolution10 33 1 1 4x15>32
Convolution1l 33 1 1 4x15>64
Convolution12 1x1 1 0 41554
Fully connectionl 60
Fully connection2 6
Softmax 6
Table 1. Detailed configuration of the proposed DenseNet
structure

Prediction

3.2 DenseNet based on transfer learning

This paper proposes a DenseNet-FT (DenseNet based on
fine-tuning) method. As shown in Figure 9, the steps of
establishing a DenseNet-FT model are as follows:

(1) Obtain a large-scale simulation data set and establish
DenseNet

(2) Use simulation data to pre-train DenseNet until the
model converges and save the network parameters

(3) Copy the parameters of Dense Block and Transition
Layer to the network of measured data

(4) Use a small amount of measured data sets to train a
new DenseNet, and fine-tune the Dense Block and
Transition Layer.

(5) Reinitialize the Classification in the new DenseNet,
start training from scratch, and finally test the
performance of the model

Set of simulated data Set of real data

Dense Block 1 Copy Dense Block 1
. e Fine-
Transition Layer Copy Transition Layer .
Pre- tuning
training
Dense Block 2 Copy Dense Block 2
Training
e Rand e
Classification Layer endom Classification Layer from

initialization
scratch

Fig. 9 Structure of DenseNet based on fine-tuning

Flowchart for the training process of DenseNet-FT is
shown in Figure 10. The simulated data is all used as a
training set, the initial network is pre-trained, and the
network is retrained with very little real data.
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Fig. 10 Flowchart for the training process of DenseNet-FT
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4. EXPERIMENTAL RESULT ANALYSIS

The relevant electrical data of 6 working conditions
were collected from the experimental platform. The
collection time of each working condition was 3 hours.
After data preprocessing and interference data filtering,
a total of 6067 samples were obtained. The samples are
randomly divided into training set and test set. Among
them, 2% of the data samples of each working condition
are taken as the training set, and 98% of the data samples
are the test set. The specific distribution is shown in
Table 2.

Items Normal  Short Line- Degradation  Shading Open
circuit line circuit

Total 1253 726 916 945 713 1514

samples

Training 24 14 18 18 14 30

samples

Testing 1229 712 898 927 699 1484

samples

Table 2.  Distribution of the experimental data samples.

In order to evaluate the performance of the
proposed model DenseNet-FT, this paper uses CNN-FT,
ResNet-FT and DenseNet without fine-tuning three
methods for comparison. Among them, the original
network structure of CNN-FT and ResNet-FT adopts the
structure of Table 1. More specifically, the CNN-FT
network changes the Dense Block connection mode in
DenseNet to monotonous forward transmission, while
ResNet-FT changes the Dense Block in DenseNet to
Residual Block. In short, in order to reflect DenseNet -The
superiority of FT, fair comparison of their performance,
these two methods are similar in network structure.

The accuracy of the four methods are shown in Table
3. The Densenet-FT fault diagnosis method proposed in
thiS paper achieves the highest accuracy in the
identification of each type of working condition. The
accuracy of normal operating conditions and open-
circuit faults are both 100%. The reason is that the
current of one string of open-circuit faults is 0. Under
normal operating conditions, the currents of the three
strings are equal. These characteristics are easier to
distinguish, so they can be used in training samples. In
rare cases, a high recognition rate is achieved. As for the
sUn-shading and short-circuit faults, the experimental
operation in this paper is carried out on the same string,
and the current on the same string is relatively close,
which is difficult to identify due to the scarcity of

samples. The other three fault diagnosis models have
good performance in identifying sunshade and short
circuit faults. For Line-line faults, the recognition rate of
the DenseNet-FT model has reached 100%.

Iltems Accuracy(%) CNN- Resnet-  Densenet-
Densenet FT FT FT

Normal 100 100 100 100

Short circuit 26.26 93.67 90.30 99.01
Line-line 78.61 90.89 97.99 100
Degradation 85.97 93.63 96.76 97.62
Shading 57.36 82.40 93.70 98.56
Open circuit 100 100 100 100

Table 3.  accuracy of the four methods

In order to further analyze the performance of the four fault
diagnosis models, the Loss curve during the training process is
shown in Figure 11. Studies have shown that the convergence
speed of the DenseNet-FT model is faster than that of ResNet-
FT and CNN-FT. The DenseNet model has less training data
and no simulated data pre-training the network. After 500
iterations, it still fails to converge and the accuracy rate Unable
to promote.

1.8

Densenet

16 CNN-FT
Resnet-FT
Densenet-FT

LOSS

0 50 100 150 200 250 300 350 400 450 500
epoch

Fig. 11 Loss curve during training

5. CONCLUSIONS

This paper proposes a multi-element transient
steady-state waveform based on time series as the fault
feature of photovoltaic arrays. This feature is composed
of 8 kinds of electrical data with the time series
waveform at the maximum power point, spliced into a
two-dimensional data matrix, including the maximum
power point Voltage, maximum power point current,
maximum power, three string currents, reference board
open circuit voltage, reference board short circuit
current. This feature can be automatically selected by
the change point detection algorithm, eliminating the
time cost of manual and careful selection of features,
and can automatically filter interference data caused by
environmental factors.

5 Copyright © 2020 CUE



Based on this feature, a deep migration learning
fault diagnosis model DenseNet-FT is proposed, which
can train a fault classifier with excellent performance
with very little real data. This method makes perfect use
of the simulated data that can be obtained on a large
scale, and simulates working conditions under various
environmental conditions through SIMULINK, including
open-circuit faults, short-circuit faults, degradation
faults, sun-shading faults, and obtains data distribution
similar to real working conditions Failure data. The
experimental results verify that the method has high
accuracy and generalization performance. With only
more than 100 samples, an accuracy of 99.3 is achieved.

In addition, in order to verify the performance of
DenseNet-FT in all aspects, it is compared with the
unmigrated DenseNet, CNN-FT, and ResNet-FT. The
experimental results show that DenseNet-FT performs
well in terms of training efficiency, convergence speed,
accuracy and generalization performance.
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