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Abstract: To apply the advantages of deep learning in recognizing two-dimensional (2D) images to three-phase inverter fault diagnosis, a three-

phase inverter fault diagnosis model based on gramian angular field (GAF) combined with convolutional neural network (CNN) was proposed.

Since the current signals of the inverter in different working states are different, the images formed by the time series encoding are also different,

which enables the image recognition technology to be used for time series classification to identify the fault current signal of the inverter. Firstly,

the one-dimensional (1D) inverter fault current signal was converted into a 2D image through the GAF. Next, the CNN model suitable for inverter

fault diagnosis was input to realize the detection, classification and location of inverter fault. The simulation results show that the recognition

accuracy of this method is 99.36 % under different noisy data. Compared with other traditional methods, it has higher accuracy and reliability,

and stronger anti-noise interference capability and robustness in dealing with noisy data. Therefore, it is an effective fault diagnosis method for

inverters.
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0 Introduction

As an emerging discipline and a very important branch in
the field of new energy power, power electronics
technology has made great development in recent years.
Three-phase voltage source inverter 1s widely studied and
applied in various important fields"*. The main electrical
circuit of the inverter is composed of several insulated gate
(IGBT). The

disconnection of IGBT makes the inverter prone to fault,

bipolar  transistors high-frequency

which is generally divided into short-circuit fault and open

U In case of short-circuit fault, the inverter

circuit fault
starts the short-circuit protection device to cut off the switch
tube, which is converted to open-circuit fault™. Therefore,
correct fault diagnosis strategy and accurate fault separation
technology have also become important means to improve
the reliability of inverter system'™. At present, there are
three main types of inverter fault diagnosis methods, which
are based on signal, model and knowledge, respectively”.
The diagnostic method based on signal processing realizes
fault diagnosis by analyzing the output current or voltage
signal of the inverter®*, This method is simple and easy to
implement, but the real-time performance of diagnosis is
poor in specific application. The model-based method is to

build a mathematical model of the inverter and obtain the

residual signal to achieve fault detection™. The accuracy of
this method depends on the accuracy of the mathematical
model built. The knowledge-based diagnostic method is to
detect fault through the knowledge base and the processing

1 Convolutional neural network

power of the computer
(CNN) has obvious advantages over shallow models in
feature extraction and modeling*"". Both 1D signals and
2D images can be used as the input of CNN, and the 2D
image input method has higher accuracy and robustness
than the 1D signal input method""**.

In summary, this paper presents a method that
and CNN,
converts the open-circuit fault signal of the inverter into a
2D image through GAF. Furthermore, based on the
established CNN model, the hidden features of the 2D

image are extracted to realize the fault detection,

combines gramian angular field (GAF)

classification and localization of the inverter.

1 GAF

GAF can encode the original 1D time series into a 2D

image with more concentrated features™”".
First, GAF scales the original 1D time series X =

{ a1, 25, , 2, ,x,} Into a time series X, on the interval

[—1, 1] as X,-:{i"l,iz,---,x,-,---,.fc,,}. The scaling

conversion formula is
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[I,-* max(X)]wL[x,-* min(X)J
max (X )— min( X)

= . (D)
where 1D time series consists of n time stamps ¢ with
equal span and corresponding measurement data x.
Then, the value of the scaled 1D time series X, is
mapped to angle and converted to 0;, and the time is
mapped to r;, and the time series in polar coordinates is
obtained after conversion. The formula for converting a

1D time seriesX; to a time series X on polar coordinates is
0,=arccost, —I1<i,<1,1,€X,

!, 2)
i/ ZJEN»

where N is a constant as a regularization factor for polar
space.

The above transformation has two characteristics:
1) Because the cos @ is monotonically decreasing when it is
on 0€[0,x], the points in the 1D time series and the polar
coordinate series are in one-to-one correspondence, that is,
bijective; and 2) Polar coordinates have an absolute time
relationship. Moreover, the time series within the interval
[—1, 1] are converted into that on polar coordinates within
the angle range of [0, x].

After the 1D time series is transformed into the polar
coordinate system by Eqs. (1) and (2) , by calculating the
difference of trigonometric function between each two
points, the angle perspective is used to identify the
difference between different time correlation. GAF 1s

defined as
sin(0,+ 0,) sin(0,+0,)
| sin(0.+0,) sin(0,+0,)|
D . . -
sin( 4, + 0,) sin(0,+0,)

JI-x x—xJ1-x". 3)

where [ is the unit row vector, and the gram matrix
encodes the time information of the sequence from the
upper left corner to the lower right corner, strictly
maintaining the time dependence of the signal.

To sum up, GAF is an effective means to solve the
problem that 1D time series cannot explain the underlying

state and information of signals to some extent.

2 CNN

2.1 Structure of CNN

A standard CNN generally consists of an input layer,

alternating convolutional layer and pooling layer, a fully

connected layer, and an output layer™”,

The input layer inputs a 2D feature map or a raw data
map. Unlike other networks, CNN does not require
vectorized input data. The input layer is used as the data
input port of the neural network, and the number of
neurons should be consistent with the number of image
pixels generated by the GAF.

Fig. 1 shows the basic structure of the convolutional
layer. The convolutional layer traverses each pixel on the
image through the convolutional kernel, performs
convolutional operations on different areas on the image,
and then extracts the hidden features of the input image

through the activation function. The operation formula is

xf=f( > Xi b;), (4)

IeM,

where /fis the nonlinear activation function, / is the /th
layer in the network model, x! is the jth feature image in
the /th layer, £ is the weight of the convolutional kernel;
b; 1s the offset required for the operation, M, is the 2D
image dataset of the input model, and * represents the

convolutional operation.

—

Input Kernel Output

Fig. 1 Basic structure of convolutional layer

Since RelLU function has a faster convergence speed
than tanh and Sigmod functions, it is used to solve the
problem of gradient dispersion. The RelLU function is
defined as

freww(2)=max(0,2). (5)

To set the hyperparameters of the network more
freely, such as larger learning rate, more random
network initialization, etc., while making the network
get faster convergence speed and better performance,
we add a batch nomalization (BN) layer between the
convolutional layer and the RelLU function. The input of
BN layer is x; €{x1, 2, -+ , xn, and the output is the
normalized network response y, =y, (x;) . The BN layer
process is as follows.

1) Obtaining the mean of each training batch by

=" > .. (6)

2) Obtaining the variance of each training batch by
1 m

052*2(1‘[—#3)2. (7)

m =

i=1
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3) Normalizing the batch of training data using the
obtained mean and variance to obtain a 0— 1 distribution as

X 7 MUp
Joi+e

where e is a tiny positive number to avoid division by 0.

# =

®)

4) Scaling and obtaining the offset y, by multiplying

by y to adjust the value and then adding 3 as

yi=yatp=yx), ©)
where y is the scale factor, and S is the translation
factor, which are obtained as parameters to be learnt
when training the network.

Fig.2 shows the basic structure of the pooling layer. The
pooling layer is to obtain new element values by sampling
or aggregating information from a set of locally related
elements, which reduces the data dimension processed by
the convolutional layer and removes redundant information
by compressing features, thus simplifying network
complexity degree, and reducing the amount of calculation

and memory consumption.

X |7Y
x| x|y vy / 7 | &
L4 H L Global average pooling
Zy | Z, | N | N,
Z, | Z, | N, | N, \ D D N
Zox | Mo
Max pooling

Fig. 2 Basic structure of pool layer

There are two common pooling methods, max pooling
and global average pooling, which are defined as

Y= max[xﬂ,-”] (10)
y(/): 1 Iz“ix(”l) (11)
mXn| == .

Tnput: 64x64 C1: 64x64%32

(2:32x32x64

where mXn is the size of the feature map of the last
convolutional layer, with the value of the nth feature
map represented by x|/’, and y"” is the output of the
pooling layer, with the combination of all outputs in the
pooling layer as the final output of the pooling layer.

The fully connected layer integrates the class-
discriminative feature information in the convolutional
layer and the pooling layer, and then is output to the
classifier. The output layer shows the final classification
result in the form of probability. The number of neurons
is consistent with the type of faults to be identified.
Generally, the Softmax function is used for feature
classification. It maps the output value to the interval of
[0, 1] to make the sum of all output values to be 1, thus
transforming it into a probability problem for multi-

classification. The Softmax function is defined as

P(ylz 1)|1‘l-; 0 e‘g;rf'
(yi=2)x; 0 1 o7z,

e - | a2
' eﬂjT,r .T
p(yl:k”x”a i=1 eﬁ;l

where p(y,=#) is the probability output by the Softmax
layer, with the value is in the range of [0, 1], @ is the

k
parameter of the Softmax classifier, /(2&'*)

represents the probability normalization of the output,
that is, the total probability of the output is 1.

2.2 CNN model

The CNN model in our work consists of input layer,
three alternating layers of convolutional layer-+max
pooling layer, one layer of convolution layer+ global
average pooling layer and fully connected layer+
Softmax classifier.

The structure of the CNN model is shown in Fig.3.

FC: 1%256  Output: 1x22

C3: 16x16x128 C4: 8x8x256

Fig. 3 Structure model of CNN

Table 1 lists the parameters of each layer of the
network, where Padding= “same” means that the
original image will be automatically filled with all O s.

When the step size of the convolutional layer is 1, the
output image can be guaranteed to be the same size as the
input image.
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Table 1 Results of state recognition

Kernel Step

No. Type size Quantity size Remark
1 Convolutional 3X3X3 32 1 Padding="same”
2 Max pooling 2X2 32 2 /
3 Convolutional 3X3X3 64 1 Padding="same”
4 Max pooling 2X2 64 2 /
5 Convolutional 3X3X3 128 1 Padding="same”
6 Max pooling 2X2 128 2 /
7 Convolutional 3X3X3 256 1 Padding="same”
8  Global average pooling 2X2 256 2 /
9 Fully connected layer 22 1 / /

3 Fault diagnosis based on GAF-CNN

The fault diagnosis process based on GAF-CNN is

descrided as follows.

1) Collecting fault signals from the circuit model.

2) Dividing the collected fault signals according to the
period of current change, with one cycle of 0.02 s.

3) Converting the divided fault signals into the 2D
image via GAF encoding.

4) TInputting the obtained image into the built CNN
model, extracting the features in the image, and getting
the information about different types of faults.

5) Classifying the faults by Softmax classifier to
obtain the final results.

Fig. 4 1s a block diagram of the GAF-CNN fault
diagnosis method.

________ 13) GAF
)
Normalization
]

|

|

|

| 1D time series in the
I interval [-1,1]

T
|
|

Mapping
v

Dividing I
| | Polar coordinate sequence |
I ﬁ [ Transforming
a |
|

Fig. 4 Block diagram of GAF-CNN fault diagnosis method

4 Simulation and analysis

4.1 Inverter model

Considering that CNN needs a lot of data in the
training process, a three-phase voltage source inverter
model was established in Matlab/Simulink to obtain the
current data of the inverter under different working

states. The inverter topology is shown in Fig.5.

+
T T3 TS
—| DI —| D3—| D5
R;
v, =c¢ | b 7 g’:
T T4 T6
. D2 D4 D6

VSI
Fig. 5 Circuit topology diagram of voltage source inverter
The main circuit of the voltage source inverter consists
of six bridge arms. The basic working mode of the
voltage source inverter is a 180° conduction mode. The
upper and lower arms of the same half-bridge are

alternately conductive, and the angle difference between

Diagnostic
result

the conduction angles of each phase is 120° . In an
instant, three bridge arms are turned on at the same
time. Each commutation is performed between the upper
and lower arms of the same phase, also known as
longitudinal commutation.

The three-phase inverter has 1 normal working condition
and 21 open-circuit fault conditions, totaling 22 working
states. Among them, the open-circuit fault is divided into
single-tube fault and double-tube fault. Furthermore, the
double-tube fault is divided into two-IGBT fault in the
same phase bridge arm, two-IGB'T fault in the same half
bridge, and two-1IGBT fault in the cross bridge arm. The
fault types are shown in Table 2.

Table 2 Fault type of inverters

Fault

No. Fault power tube Fault type

C, None Normal

C, T1, T2, T3, T4, T5, T6 Single IGBT fault

c, T1. T2. T3. T4, T5. T6 TwoIGBT fagh in the same

phase bridge arm

C TI1T3, TIT5, T3T5, T2T4, Two IGBT fault in the same
“ T2T6, T4T6 half bridge

C T1T4, T1T6, T2T3, T2T5,  TwoIGBT fault in cross
T3T6, T4T5 bridge arm

4.2 Conversion of 1D time series to 2D image

When T, tube has an open-circuit fault and 1,<<0, the A-
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phase current flows through only T, or D,, the current is not
affected. When I,>>0, the A-phase current flows through
only D,, and D, continues to flow normally, but the A-
phase current will be affected by the disconnection of T, and
does not increase in the positive direction. Here, we select
the current waveform data of a complete cycle after the
fault , thatis, a 1D fault time series, and convert it into a
2D GAF image. Fig.6 is the current waveform of phase A
and the converted GAF image when T, tube has an open-
circuit fault at 0.20 s.

400,

200¢

5 O\M/V\ﬁ:_v:jfm""_

-200¢ e

o o5 020 02 030
tls

Fig. 6 A-phase current waveform and GAF image of T, tube
open-circuit fault

When T, and T, tubes have an open-circuit fault, the
path of A-phase current is blocked, and thus the A-phase
current is 0. Fig.7 is the current waveform of phase A and
the converted GAF image when T, and T, tubes have an

open-circuit fault at 0.20 s.

400
200}
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=200 bl
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Fig. 7 A-phase current waveform and GAF image of T, and
T, tubes with open-circuit fault

In the simulation model of Matlab/Simulink, 22 working
states were simulated respectively, and the A-phase current
data under different working states were obtained and then
converted into corresponding 2D GAF images. The current
signal is equally divided into the different subsections
according to the time interval of a period of 0.02 s in the
power frequency alternating current, and each subsection
corresponds to a GAF image. The A-phase current signal
obtained in each working state is divided into 500 small
segments, thatis, 500 feature maps are determined, and a
total of 11 000 feature maps are obtained for 22 working
states. In reality, the signal data collected by the sensor are
always accompanied by noise. In order to verify the ability
of this method to withstand noise interference, the white
Gaussian noises with signal-to-noise ratios of 20 dB, 30 dB
and 40 dB respectively are superimposed on the current
signal output by the model, so that the output signal is

closer to reality. Therefore, this experiment generates a
total of 44 000 feature maps in 4 groups. Finally, it is
divided into training set and test set according to the ratio of
7 + 3. The converted GAF images of the current data of the
inverter in 22 working states are shown in Fig. 8(a)
Normal, (b) Single IGBT fault, (¢) Two-IGBT fault in
the same phase bridge arm, (d) Two-IGBTs fault in the
same half bridge, and (e) Two-IGBT fault in the cross
bridge arm.
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Fig.8 GAF images of inverter under 22 working states

According to the GAF principle introduced in the first
section, the GAF images show the changing trend of the
time series {rom the upper left to the lower right. When
the amplitude of the fault signal changes slowly, a large
connected area with similar colors will appear in the
corresponding GAF image, while the amplitude of the
fault signal changes greatly in a short time, a horizontal
or vertical line will appear.

4.3 Analysis of training results

The construction platform of the algorithm model in this
study 1s TensorFlow-GPU version 2.5.0, the compiled
language is Python 3.9, and the operating environment is
Pycharm. The computer hardware is AMD R7 CPU,
RTX3050ti GPU, and the system is Winl1.

The figures below show the accuracy and loss rate curves
trained using the CNN model introduced in Section 2.2.
Fig.9 and Fig.10 show the accuracy and loss rate curves
without superimposed white Gaussian noise (Noise free) .
It can be seen that the recognition accuracy and loss rate of
the training set tend to be stable after 40 iterations of
training, and the final recognition accuracy reaches 100%.
The recognition accuracy of the test set fluctuates greatly
before 60 iterations of training, stabilizes at more than
98.21% after 60 iterations, and basically reaches more than
99.95% after 80 iterations of training. Finally, at the end of
100 iterations of training, the recognition accuracy rate is
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99.99%.
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Fig. 9 Accuracy curve(noise free)
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Fig. 10 Loss rate curve(noise free)

Fig.11 and Fig.12 show the curves of accuracy and loss
rate when white Gaussian noise is superimposed (SNR=
20dB).

It can be seen that the recognition accuracy and loss rate
of the training set are basically the same as those without
superimposed white Gaussian noise. The recognition
accuracy of the test set fluctuates greatly before 80 iterations
of training, and stabilizes at more than 98.24% after 80
iterations. Finally, at the end of 100 iterations of training,
the recognition accuracy is 99.36%. Therefore, we can
conclude that the GAF-CNN as inverter fault diagnosis
method has better anti-noise interference ability.

| ——Training
0.8 : Test
|
!
0.6 |
i
% |
2 '
— 0.4t Il
I
02 é‘\ f “ﬂ
201
V\\l{ AWJ ‘\ [
’ \,J ﬁw/\t\,\qﬁ-’“\ | K ‘{\ )

0 20 40 60 80 100
Number of iterations

Fig. 11 Accuracy curve(SNR=20 dB)

35l —-=Training
Test

0 20 20 60 80 100
Number of iterations

Fig. 12 Loss rate curve(SNR=20 dB)

Table 3 shows the recognition accuracy of the test set
under different iterations when the fault signal is
superimposed with 20 dB, 30 dB, and 40 dB white
Gaussian noise and without white Gaussian noise. From
Table 3, it can be seen that the GAF-CNN adopted in
this study has a high recognition accuracy of the fault
current signal of the inverter, reaching more than
99.36%. It is less affected by noise, and has strong
ability to carry noise interference and strong robustness.

Table 3 Recognition accuracy under different noises super -

imposed
Recognition accuracy/ %
Tterations
Noise free  SNR=20dB SNR=30dB SNR=40dB
20 96.22 95.21 95.98 96.21
40 97.46 95.65 96.14 96.33
60 98.21 96.46 96.97 97.08
80 99.95 98.24 98.60 98.57
100 99.99 99.36 99.52 99.74

4.4 Comparative analysis

In order to verify the advancement and superiority of
the method in this paper, the GAF-CNN algorithm is
compared with the three intelligent fault diagnosis
algorithms mentioned in Ref. [21]. The three methods
are wavelet transform (WT) combined with back
propagation (BP) neural network, WT combined with
support vector machine (SVM),

sensing (CS) combined with SVM. The comparison

and compressed

results of fault diagnosis effects are shown in Table 4.

It can be seen that the diagnostic time of GAF-CNN is
0.134 s. The diagnostic time is composed of the current
signal sampling time, the transform time of 1D times series
to 2D image, and the diagnostic time. Among them, the
fault current signal sampling time is 0.02—0.04 s, that is,
the time to sample 1—2 current cycle signal data, the
average time converting 1D times series to 2D image is
0.008 6 s, and the average diagnostic time is 0.095 s. Thus,
the total average time is 0.134 s. Therefore, compared with
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the traditional SVM method, the GAF-CNN improves the

fault diagnosis accuracy and fault diagnosis rate.

Table 4 Comparison of different fault diagnosis methods

Diagnostic method

Average fault diagnostic accuracy/ %

Mean time for fault diagnosis/s

WT combined with BP neural network ")
WT combined with SVM?”
CS combined with SVM™”
GAF-CNN

87.50 16.680
94.45 1.180
98.79 0.158
99.36 0.134

5 Conclusions

In order to give full play to the advantages of deep
learning in recognizing 2D images, we propose a hew
inverter fault diagnosis method, which uses GAF-CNN
model to achieve the detection, classification and
localization of inverter fault. Furthermore, the reliability
and effectiveness of this method are verified by
simulation. The results show that the GAF-CNN can
well distinguish the different working states of the
inverter IGBT, and then complete the fault diagnosis,
classification and localization. With the increase of data
samples during inverter operation, the diagnostic
accuracy and diagnostic rate of the model can be further
improved. Compared with other methods, it has better
performance in terms of recognition accuracy and noise
immunity. To sum up, the inverter fault diagnosis
method based on GAF-CNN has certain value in

practical applications.
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