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Abstract—Based on variational mode decomposition and dual
model of convolutional recurrent neural network (VMD-DCRNN),
a novel diagnosis method is proposed to discover the faults of insu-
lated gate bipolar transistors (IGBTs), diodes, and series resonant
circuit in a single-phase pulsewidth modulation ac-dc rectifier,
an important part of traction power supply system of high-speed
railway. By virtue of the combination of signal processing and
deep learning schemes, the multiscale feature information for fault
diagnosis is extracted by regarding the input current of the rectifier
and the voltage of dc side as the original signal. More clearly, VMD
is adopted to decompose the original signal to a series of intrinsic
mode function components (IMFs). Then, the submodel of current
is designed to detect the fault types of IGBTs and diodes. Mean-
while, the submodel of voltage is established to identify the fault
types of series resonant circuit. These IMFs are fed into DCRNN
consisting of the two submodels for training and testing. Finally,
the features extracted from the two submodels are integrated and
converted to label space to complete fault diagnosis. Experimental
results show that the proposed VMD-DCRNN algorithm is superior
to the single-channel models, reaching 96.27 %.

Index Terms—Convolutional recurrent neural network (CRNN),
fault diagnosis, rectifier, variational mode decomposition (VMD).

I. INTRODUCTION

HE ac—dc—ac traction drive system is widely used in the

field of high-speed railway traction systems, and the struc-
ture of traction drive system is shown in Fig. 1. Power electronic
transformer (PET) plays a role in power conversion in traction
drive system, mainly including high-frequency transformers
and power electronic converters. PET is always with complex
structure, a large number of components, and frequent hidden
faults. The fault of main devices of PET often leads to abnormal
fluctuation of voltage and current, which endangers the driving
safety of high-speed trains. Most of the existing fault diagnosis
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Fig. 1. Structure of traction drive system. Among all the components of the
system, the rectifier and the DC-link are of the main concern of this article.

methods for PET are model based, where the basic idea is to use
a mathematical model to calculate fault residuals and conduct
fault diagnosis through residual analysis. However, in practical
engineering applications, the nonlinearity and discreteness of
switching devices limit the precision of the analytical model.
Therefore, in the fault diagnosis of complex nonlinear systems,
it is urgent to study the fault diagnosis method with less de-
pendence on the model. Along this way, those data-based fault
diagnosis methods prefer making full use of the rich device state
information contained in the system detection data, and explor-
ing the internal relation between the data and the fault modes.
As an important part of traction drive system, the performance
of the single-phase pulsewidth modulation (PWM) rectifier will
directly affect that of the drive system, where the power semi-
conductor device is the most vulnerable [1]. In consequence,
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open-circuit and short-circuit faults of insulated gate bipolar
transistors (IGBTs) have become the common faults of the grid-
side rectifier. In general, when a short-circuit fault occurs, the
short-circuit fault evolves rapidly and has serious consequences,
making it difficult to perform fault diagnosis. However, the
short-circuit fault can be converted into an open-circuit fault by
adding a fast fuse and other hardware protection circuits in the
converter [2]. Therefore, analysis and diagnosis of open-circuit
faults of IGBTs are playing a central role in the fault diagnosis of
the rectifier. Besides, the abnormal voltage stress caused by the
diode open-circuit fault is much higher than the blocking voltage
of the IGBT, which may result in the IGBTs overvoltage failure
in a short time [3]. For the intermediate dc circuit, there are
few research works on the fault diagnosis method for the series
resonant circuit.

Model-based methods are the most widely used methods for
the diagnosis of open-circuit faults of IGBTs [4], [5]. More
detailedly, a generalized model-based method is proposed in [4]
for fault detection and identification, where the main idea is to
make full use of the dynamic characteristics of error residual.
In addition, abundant state-observer-based and state-estimator-
based methods are also introduced for open-circuit fault diag-
nosis [6], [7], [8], [9], [10]. It is worth pointing out that the
diagnosis performance of the model-based methods is highly
dependent on the model accuracy, which, however, is hard to be
guaranteed, especially when considering the complexity of the
traction system as well as the effect of current direction change
on the operation of antiparallel diodes.

On the other hand, signal-processing-based [11], [12] and
machine-learning-based [12], [13] methods have become more
and more popular in the field of power system fault diagnosis.
Considering that the harmonics near the switching frequency
would be different under different conduction conditions, a
frequency-domain-analysis-based method is introduced for the
open-circuit fault diagnosis of IGBTs in [11]. Further, some
relatively intelligent methods, such as vector machine and fuzzy
network [12], are brought into open-circuit fault diagnosis. In
order to improve the diagnosis efficiency of the neural network
(NN) on open-circuit fault, an improved adaptive hierarchical
genetic algorithm is used to optimize the neuron weights [13].
It is important to select an appropriate signal for fault diagnosis,
which can directly affect the results. Current-based methods are
favored for converter fault diagnosis since no extra sensors are
needed and they are independent of converter parameters [14].
In [15], areal-time fault diagnosis based on absolute normalized
current and adaptive threshold for converter open-circuit (OC)
faults is proposed in doubly fed induction generator (DFIG)-
based wind turbine systems, and this method can detect multiple
open-circuit faults, but it is prone to false alarms when the load
changes suddenly. In [16], a current residual-based method is
proposed, and converter faults are diagnosed by comparing with
adaptive threshold. When a fault occurs in different converter
switches, converter voltages present different characteristics.
Therefore, it is possible to diagnose converter switch faults by
analyzing voltage signals [14]. In [17], the switched bridge volt-
age and corresponding duration are measured to detect inverter
open-circuit faults, and this method has a short detection time,
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but requires extra circuit, which increases the implementation
cost. The dc-link voltage can also be used for fault diagno-
sis [18]. Jung et al.[19] used grid voltage phase angle and
dc-link voltage to diagnose faults. The time—frequency analysis
of dc-link voltage is used to obtain converter fault states [20].

Signal-based and machine-learning-based fault diagnosis
methods are different from model-based methods in that accu-
rate modeling may not be compulsory, and the fault is diagnosed
by analyzing the amplitude—frequency features of voltage and
current. As such, the effectiveness of data-driven methods is
heavily affected by the performance of feature extracting, where
the typical ways include fast Fourier transform (FFT) [11],
short-time Fourier transform (STFT) [21], and wavelet trans-
form (WT) [22], [23]. However, STFT has a single resolution
for a given window function because only its position can
be moved and its shape cannot be changed. Alternatively, the
wavelet function of WT is designed to not only move in the time
domain but also scale and shift the shape of the transformation
window. Noting that STFT and WT are subjective since both
of the window functions need to be preset, empirical mode
decomposition (EMD) [24], [25] and two improved versions of
EMD, ensemble empirical mode decomposition (EEMD) [26]
and complementary ensemble empirical mode decomposition
(CEEMD) [27], are proposed to further degrade the subjectivity
in analyzing nonlinear nonstationary timing signal. In [28], the
measured signal that has been decomposed via the variational
mode decomposition (VMD) is used to extract the feature pa-
rameters according to the properties of multiple parameter faults
in power electronic circuits.

Overall, the aforementioned feature extraction methods are
basically applicable for shallow feature extraction, where the
features include amplitude information, frequency information,
energy information, etc. By analyzing the abovementioned char-
acteristic information, the corresponding relationship between
the fault signal and the fault mode could be established. How-
ever, it is often difficult to establish such a relationship directly
through the characteristics of the data itself. In order to extract
those deeper features, deep learning is introduced for fault
diagnosis [29], [30], [31], [32], [33], [34], [35], [36], [37],
[38]. For instance, based on Gaussian—Bernoulli deep belief
network, a fault diagnosis method is proposed to reduce the
loss of feature information [30]. In [31], deep neural network
(DNN) is used to extract fault information of high-speed train
bogie adaptively, which performs well in bogie fault diagnosis.
In [32], WT and DNN are combined to achieve fault diagnosis of
microgrids.

The two most important parameters associated with a signal
are its frequency and amplitude. Thus, the faults of the rectifier
can be located by analyzing the changes in the abovementioned
two parameters. Considering that VMD is able to decompose
mixed signals with complex frequencies into a series of sta-
ble signals, this article uses VMD to decompose fault signals.
Then, given that CRNN can establish the mapping relationship
between fault features and fault modes through autonomous
learning, the effective features extracted by VMD are used as
input signals of CRNN to train the fault classification model
for fault diagnosis of the rectifier. Furthermore, current-based
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Fig. 2. Topology of a single-phase rectifier.

methods and voltage-based methods are quite common in fault
diagnosis but few combine them. In this article, the voltage
and current submodels are established separately to fix the
problem that the characteristics of IGBTs open-circuit, diodes
open-circuit, series resonant circuit, and open and short cir-
cuit are similar. Overall, the signal-analysis-based fault diag-
nosis method is combined with an additional deep learning
scheme, which not only enhances the effectiveness of the ex-
tracted features but also makes the fault diagnosis model more
intelligent.

II. FAULT MODELING AND ANALYSIS OF RECTIFIER

The topology of the single-phase rectifier is shown in Fig. 2. It
consists of two bridge arms, each of which contains two IGBTs
and two diodes. Further, Ly and C5 form a resonant circuit, Cy
is the supporting capacitance of the dc side, and Ry and Ly
denote the winding leakage inductance and resistance, respec-
tively. Moreover, Uy and 7y represent the grid-side voltage and
current, respectively, and Uy, is the input voltage of the rectifier.
In this article, the series resonant circuit is considered to be
part of the rectifier. Since short-circuits fault of IGBT can be
converted into open-circuit fault by adding a fast fuse and other
hardware protection circuits, only open-circuit faults of IGBTs
and diodes along with open and short-circuit faults of series
resonant circuit are considered here. In addition, the proposed
fault diagnosis scheme is based on the implicit assumption that
the load and inductance values of the system are kept invariant
during the process of fault diagnosis. When the circuit is normal,
the grid-side current ¢y would be a sinusoidal signal and the
voltage of dc side Uy, has slight pulsation but close to a straight
line, as shown in Fig. 3.

A. Analysis of IGBT Open-Circuit Fault

The direction in which the grid-side current ¢y flows into the
rectifier is defined as the reference direction. When 77 fails, if the
grid-side current ¢ v is positive, the current can flow continuously
through diode D; without affecting the normal operation of the
rectifier. If ¢ v is negative, the diode D, cannot continue to flow,
resulting in the change of the topology, as shown in Fig. 4. More
specifically, it can be divided into the following two conditions
when an open-circuit fault occurs in 77.
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Fig. 3. Waveforms of DC-side voltage Upc, grid-side voltage Uy, and grid-
side current ¢ v in a steady state.

Fig. 4. Schematic diagram of grid-side current flow when open-circuit faults
occur in IGBTS. (a) T1. (b) T4. (c) T2. (d) T3.

1) The grid-side current flows through diodes D3 and Ds.
Traction winding Uy and inductor Ly charge the capaci-
tor of dc side C; simultaneously, making ¢ ;- decrease and
Uyc increase.

2) The grid-side current flows through 7}, and D,. Capacitor
Cy4 supplies power to the load Ry and dc voltage Uy
releases energy by forming a loop through the load to
release energy, leading Uy to drop. On the other hand,
Only Uy is applied to inductor L. Therefore, compared
with the normal state, the amplitude of iy decreases and
the inductive energy storage decreases.

To sum up, when open-circuit faults occur in 77, the positive
part of 7 is not affected while the negative part of i and the
amplitude of Uy decrease, as shown in Fig. 5(a). Fig. 5(b) shows
that the waveform of ¢y under 75 failure is completely opposite
to that under 77 failure. Since 73 and T} and 75 and T’ belong to
one bridge arm, respectively, all the previous explanations can
be extended to the remaining switches, 75, T3, and T}.
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Fig. 5. Waveforms of DC-side voltage Upc, grid-side voltage Uy, and grid-

side current ¢ v : (a) under 717 failure, (b) under 7% failure, (c) under 73 failure,
and (d) under T} failure.

B. Analysis of Diode Open-Circuit Fault

The direction in which the grid-side current 7 v flows into the
rectifier is defined as the reference direction. When D fails, if
the grid-side current i, is negative, i flows through 73 and
D, leaving D; in an inoperative state. Hence, the open-circuit
fault will not affect the normal operation of the rectifier. If the
grid-side current 7y is positive, the current has no way to flow
through unless the switch T is turned ON. Since inductor current
cannot change immediately, the input voltage of the rectifier
U.p rises sharply based on Kirchhoff law, which may lead to
tremendous voltage stress on 77 and 75. Therefore, the abnormal
voltage stress caused by the diode open-circuit fault is much
higher than the blocking voltage of the IGBT, which may result
in the IGBTs overvoltage failure in a short time. The waveform
of the rectifier under diodes failure is shown in Fig. 6.

C. Analysis of Series Resonant Circuit Fault

The series resonant circuit consists of a capacitor and an
inductor. They both have the potential for open-circuit and
short-circuit failures. The topologies in the event of failures are
shown in Fig. 7.

When an open-circuit fault occurs on L, the voltage of C is
discharged through the discharge resistor R,. The intermediate
dc circuit loses the function of filtering out the 100 Hz pulse
voltage, resulting in increased voltage fluctuations on the dc side.
The open-circuit fault of the inductor will not immediately cause
severe fluctuations on Uy, but the input of the resonant voltage
to the traction motor will increase the harmonic content of the
motor stator current and increase the electromagnetic torque rip-
ple, which is likely to cause secondary faults in the traction drive
system. The increase of the stator current harmonics and torque
ripple of the traction motor will further aggravate the fluctuations
on Uy, which will affect the control of the rectifier, increase
the grid-side current harmonic content, and eventually lead
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Fig. 6. Waveforms of DC-side voltage Upc, grid-side voltage Uy, and grid-
side current ¢ v : (a) under D failure, (b) under D> failure, (c) under D5 failure,
and (d) under Dy failure.

(@ b)

Fig. 7. Topology of rectifier when open-circuit faults occur in series resonant
circuit. (a) Inductor open circuit. (b) Inductor short circuit. (¢) Capacitor open
circuit. (d) Capacitor short circuit.
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Fig. 8. Waveforms of DC-side voltage Upc, grid-side voltage Uy, and grid-
side current 7y under series resonant open circuit.

to the collapse of the traction drive system. Fig. 8 demonstrates
the waveforms of the main parameters.

When L experiences a short-circuit fault, C is connected
in parallel with the support capacitor C,. The intermediate dc
circuit loses the function of filtering out the 100 Hz pulse voltage,
resulting in increased voltage fluctuations on the dc side. The
impact of the resonant inductor short circuit is similar to that
of the open-circuit fault. However, since the resonant capacitor
value (4.56 mF) is larger than the support capacitor value (3
mF), it is equivalent to increasing Cy. Therefore, when the
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resonant inductor has a short-circuit fault, the voltage fluctuation
of Uy is smaller than that of Uy, when open-circuit faults occur.
Waveforms of the main parameters are shown in Fig. 9.

When an open-circuit fault occurs on Cf, this condition is
similar to the open-circuit fault of the inductor. Thus, these two
conditions are unified as the series resonant open-circuit fault.

When Cy experiences a short-circuit fault, L is connected
in parallel with Cj, which may bring about the LC parallel
resonance, leading to a sharp increase in the voltage fluctuation
of Ug.. Meanwhile, when C is short circuited, the voltage across
the capacitor is rapidly discharged, which can easily lead to the
destruction of the capacitor. Fig. 10 shows the waveforms of the
main parameters.

D. Preliminary Summary

The similarity of T} and T (T% and T3) fault signals makes it
difficult to correctly locate the failed IGBT. For the same reason,
the fault diagnosis of Dy and D4(Dy and Ds3) is also hard.
Besides, diodes and IGBTs can sometimes misidentify each
other due to the similarity of their waveform. From Figs. 8 and 9,
it can be seen that the grid side current 7y is not affected by open
circuit and short circuit of the inductor, the waveform of which
is exactly the same as the normal case, making it troublesome
to distinguish them by 7 alone. Due to all the abovementioned
problems, additional means are required for comprehensive fault
diagnosis.
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III. THEORETICAL BACKGROUND

A. Principle of VMD

VMD assumes that any signal is composed of a series of
subsignals with a specific center frequency and limited band-
width [i.e., intrinsic modal component (IMF)] [39]. The center
frequency and bandwidth limit are obtained by solving the vari-
ational problem, and the corresponding effective components
of each center frequency in the frequency domain are found to
obtain the mode function.

Different from the concept of IMF proposed by Huang et al.
[24], the VMD algorithm redefines the limited-bandwidth IMF,
which is defined as the component mode of AM—FM signals
with the expression given as follows with stricter constraints:

ug(t) = A(t) cos(pr(t)) (1)

where ¢ (t) is the signal phase and Ay (t) is the instantaneous
amplitude.

Utilizing the constrained variational model, K IMFs with spe-
cific sparsity are sought, such that the sum of each component’s
estimated bandwidth is minimized, and the constraint condition
is that the sum of each component is equal to the original signal.
In order to obtain the K IMFs with limited bandwidth, the single
marginal spectrum of each IMF component uy(¢) is achieved
first through Hilbert transform, and then, the center frequency
wy, of each IMF is estimated, multiplying its exponential signal
e 7@kt to modulate the modal spectrum to the corresponding
baseband. In the end, the square norm of the analytic signal
gradient L? is calculated, constructing the variational mode as
follows:

win (SRS 100+ ) us(0)e+13)
T o) - 10

where K is the number of mode decompositions, d; represents
the unit impulse function, j is an imaginary unit, * represents
convolution operation, and J; represents partial derivative op-
eration. {uy} = {u1,us2,us, ..., ux } denotes the K IMFs and
{wi} = {w1,ws,ws, ...,wk} denotes the center frequency of
each component.

The penalty factor v and the Lagrange multiplier A are intro-
duced to transform the constrained variational problem into an
unconstrained variational problem to solve the abovementioned
variational problem, and the augmented Lagrange expression is
given as follows:

L({ur}, {wi},2)
= az 10, Kat + > * Uk(t)] e T3

@)

K
)= 2 ()

k=1

<K(t),f(t) - Uk(t)>~
2 k=1
3)

The alternate direction multiplier algorithm is used to update
and iteratively solve the saddle point of (3) to obtain the optimal
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Algorithm 1: Variational Mode Decomposition.

—_

Initialize {@}}, {wi}, Ak, n < 0

2: Repeat
3: n<n+1
4: fork=1:Kdo
5: Update uy, for all w > 0:
6:
aZ“(w) —
flw) = S art (@) - S8 i (w) + 2
14 20(w — wp)?
“4)
7: end for
8: fork=1: K
9: Update wy:
10:
< w a”H(w) % dw
w2+1(w) — fOOO : k 3 2| (5)
Jo apt (w)’ dw
11: end for
12: Dual ascent for all w > 0:
13:

K
A (W) = A (w) + 7 <f(w) - 7lZ”(W))
k=1
(6)
14: until convergence:

K

(i (@) — ag @)II3/lag @)II3) <e (D
k=1

solution that can decompose the original signal into ' IMFs.
Algorithm 1 reveals the implementation process. An update of
the corresponding variable is expressed by (4)—(6), where 7 is
the fidelity coefficient, A stands for the Fourier transform, and
n is the number of iterations.

When it comes to solving the variational model, the center
frequency and bandwidth of the IMF are continuously updated
until the iterative stop condition is met, and the expression can
be seen in (7), where ¢ is the discriminant accuracy, which is
taken as 10°~ here.

When the iteration stops, the frequency domain characteristics
of the signal have been adaptively separated. The modulated
signal 4, (w) is transformed into a time-domain IMF by inverse
Fourier transform.

VMD is an adaptive, fully nonrecursive method for modal
variation and signal processing, which gives VMD many unique
advantages.

1) The desired number of modes can be assigned.

2) The IMFs decomposed by VMD method have independent
center frequencies, showing the characteristics of sparsity
in the frequency domain, which have the quality of sparse
research.
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Fig. 11.  Four signal components and the final synthesized signal.

3) In the process of solving the IMF, the end effect similar to
the EMD method is avoided by means of mirror extension.

4) Mode mixing can be avoided effectively (if the value of
K is selected properly).

B. Analysis of Decomposition Results of Simulated Signal

The principle of VMD is introduced in detail in the previous
section. Next, the performance of the decomposition methods
will be shown with the signal in Fig. 11 as the original de-
composition signal. This signal is composed of quadratic trend
term, chirp signal, and piecewise sine, the sampling frequency
of which is 1000 Hz. Besides, an additional random noise
signal is added to simulate the effect of noise in actual situa-
tions. This level of composite signal can be considered quite
complicated.

The effect of VMD decomposition is mainly affected by the
selected value of the mode number K. If the value of K is small,
since the VMD algorithm is equivalent to an adaptive filter bank,
some important information in the original signal will be filtered,
affecting the accuracy of subsequent classification. Neverthe-
less, when the selected value of K is large, the center frequencies
of adjacent IMF will be close to each other, resulting in mode
mixing or additional noise. The main difference between IMFs
is that the center frequency of each IMF varies from each other
and corresponds to the FFT result. Therefore, appropriate K is
selected by observing the distribution of center frequency with
the corresponding spectrum.

Fig. 12(a) and 12(b) shows the VMD results when K =4
and K = 5, respectively. When K = 5, the center frequency
corresponding to IMF1 cannot be found in the spectrum of the
original signal, which means this IMF is useless. In order to
show the superiority of the VMD method, the commonly used
CEEMD, which has made great improvements on the basis of
EMD and EEMD, is selected here for comparison. It can be
seen that both VMD and CEEMD perform well. Specifically,
combined with the frequency spectrum, it can be seen that many
spurious and useless components, such as IMF1, IMF2, IMF6,
IMF7, and IMFS, are generated after CEEMD, making it hard to
choose the right and useful IMF. On the other hand, benefitting
from the VMD’s advantage that the number of decomposed
modes can be selected, the value of K can be chosen as four
according to the FFT result. Compared with that of CEEMD,
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Fig. 12.  Decomposition results of mixed signal. (a) Decomposition results of
VMD (K = 4).(b) Decomposition results of VMD (K = 5). (c) Decomposition
results of CEEMD.

the decomposed result of VMD is in perfect agreement with the
composition of the synthesized signal. In such sense, VMD is
superior to CEEMD in decomposing complex fixed signal.

Fig. 13 shows the VMD results of grid-side current when
T'1 fails. K is chosen as 3 according to the FFT result. It can
be seen that the center frequency of each IMF can find a good
correspondence in the spectrum of the original signal, indicating
that 3 is the appropriate value of K. Other fault conditions are
the same.

C. Building of Fault Classification Network CRNN

Considering that the faults of IGBTs and diodes are related to
current while the faults of series resonant circuit are more related
to voltage, two independent feature extraction submodels are
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Fig. 13.  VMD results of grid-side current when 71 fails (K = 3).

adopted to process the voltage and current signals, respectively.
Since the features of the signal are not obvious and the signal
processing method cannot extract the signal features entirely,
CRNN is used as the model for the fault diagnosis. Fig. 14 shows
the structure of CRNN. The framework contains the following
five parts.

1) After the output of VMD is generated, it is used as an input
for a 1-D convolutional block. This block is composed of
1-D convolutional layers and 1-D pooling layers in an
alternating pattern.

2) The feature maps output by the last convolutional layer
are unstacked over the time axis.

3) The feature maps of the unstack layer are passed to the
recurrent layer.

4) The tanh activation function helps the fully connected
layers to understand the outputs of the last recurrent layer
so that the useful information is retained.

5) The output layer with the softmax function figures out the
probability of samples for each class.

D. 1D-CNN Block

The 1D-CNN block generally consists of two parts: 1) the first
part performs the convolution operation to extract features; 2) the
second part then adjusts the output of the convolutional layers
through the pooling operation. The sparsity of CNN weights
enables the detection of small but significant features through
the use of convolutional filters that are smaller than the input.
This implies that CNN requires fewer parameters to be saved
and greatly enhances the effectiveness of feature extraction.

In a convolutional layer, the feature maps xé are obtained
through convolution operation for /th convolutional layer (I €
l.), which is elaborated in the following:

dh= Y0 al skl 40 (8)

iGMj

where k;; and b§ represent the weight and bias of jth convo-
lutional filter, respectively, M; is the number of input feature
maps, and * represents convolution operation.
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Fig. 14.  Structure of DCRNN.

Commonly used activation functions are rectified linear unit
(ReLU), Tanh, etc. The ReLU function overcomes the prob-
lem of gradient disappearance in the positive range, having
the advantages of fast calculation and fast convergence speed.
When the input is negative, ReLLU is not activated at all. Al-
though it enhances the sparsity of the network and alleviates
overfitting, it loses negative value features in the feature map,
suitable for stable and symmetrical waveform data. Therefore,
the current submodel uses the ReLU activation function for the
current waveform which is relatively symmetrical. The output
range of the Tanh function is (—1, 1), the waveform of which
is centrosymmetric, and the nonlinear monotonic relationship
between the input and output is maintained. As a result, the
Tanh function can handle both positive and negative eigenvalues
in the feature map. Despite the problems Tanh function may
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Fig. 15.  Structure of SRU.

have, such as gradient disappearance in the saturated region, it
is still suitable for processing asymmetric signals. In light of
the characteristics of voltage, the Tanh activation function is
applied to the voltage submodel. The pooling layer is mainly
used for feature dimensionality reduction and data compression
to avoid overfitting and ensure the generalization ability of the
network. Max pooling and average pooling are the two most
common pooling methods. When it comes to processing texture
information, max pooling is superior to average pooling. In
practice, the voltage and current data contain a small amount
of harmonic information, of which the max pooling method can
reduce the influence. The max pooling is described as follows.

il = f (BLdown(z}) +bt) ©)

where ﬁ; and bé represent the weight and bias of max pooling,
and down() means the max pooling function. After performing
the operation in [, layers, the output of the CNN block is a
tensor with deep features, which contains the most effective
information in a small dimension.

E. RNN Block

RNN is applicable to tasks, such as natural language process-
ing and time series modeling. Among the RNNs, long short-term
memory (LSTM), and simple recurrent units (SRU) stand out.
LSTM’s ability to extract time series features makes it better
able to use historical data to characterize fault signals. How-
ever, the long-term dependence of LSTM on time series makes
parallel computation difficult. SRU preprocesses the input data
relatively independently in each recursive extraction of time
series features, and then performs recursive feature extraction
through relatively lightweight parallel operations. Fig. 15 shows
the structure of SRU. The output lossy summary A, of SRU can
be calculated as follows:

Ty =W - x4 (10)
fe=05(Wy-24) + by (11)
ry = 0. (W, - 2y) + b, (12)
c=ftOca+ (11— fi) Oz (13)
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ht =1 © tanh(ct) + (1 — Tt) © LIAJt (14’)

where 0 ¢, 0, and by, b, are the sigmoid functions and bias term
of forget gate f; and reset gate r;, respectively. Besides, W, W,
and W, denote the weight of linear mapping ;, forget gate,
and reset gate, respectively. © indicates that the correspond-
ing elements are multiplied. The status of gates (&4, f¢,r+) no
longer relies on historical iteration state h;_1, and reset gate is
introduced to improve time sequence feature extraction. In such
a way, SRU realizes parallel acceleration from the aspects of
structure and operation optimization.

IV. EXPERIMENTAL RESULTS
A. Collection of Raw Data

In this section, the fault data based on dSPACE real-time
simulator will be presented to verify the effectiveness of the
proposed method. The dSPACE can control virtual objects with
a real controller to achieve extreme simulation testing of the
real environment. Thus, using dSPACE-based data as measured
data have a better verification effect on the effectiveness of the
proposed method. The data acquisition setup based on dSPACE
is shownin Fig. 16. It consists of a digital signal processor (DSP),
as the executor of the control algorithm, of which the control chip
is TMS320F28335, a dSPACE simulator, and a host PC as the
control interface. PWM pulse signal is input to dSPACE by the
DS2103 board. The grid voltage Uy, the input current of rectifier
circuit ¢, and dc-side voltage Uy, of the main circuit are output
to the AD sampling module of the DSP by the DS2002 board
and displayed by the oscilloscope. The DQ current decoupling
control strategy is widely used in the field of electric locomotives
due to its excellent steady-state performance. In Fig. 16, PLL is
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TABLE I
SYSTEM PARAMETERS OF SINGLE-PHASE PWM RECTIFIER

Electrical parameters Value
Voltage of grid side usm /V 2200
Reference voltage of dc side u}, /V 3000
Support capacitor of dc side Cq/uF 3000
Equivalent resistance of grid side R/ 0.068
Equivalent inductance of grid side L/mH 2.2
Equivalent load of dc side Ry, /Q 10
Secondary filter capacitor C /puF 4560
Secondary filter inductance Lo/mH 0.55
Switching frequency fpwm/Hz 1250
Proportion parameter of outer voltage loop 0.6
Integral parameter of outer voltage loop 20
Proportion parameter of inner current loop 0.7
Integral parameter of inner current loop 38

TABLE II
TWELVE KINDS OF WORKING CONDITIONS OF THE RECTIFIER

Label Fault category Label Fault category
0 Normal 6 D2 Open-circuit
1 T'1 Open-circuit 7 D3 Open-circuit
2 T2 Open-circuit 8 D4 Open-circuit
3 T'3 Open-circuit 9 Series resonant open-circuit
4 T4 Open-circuit 10 Inductor short-circuit
5 D1 Open-circuit 11 Capacitor short-circuit

a phase-locked loop, uj. is the given dc voltage, uqp 1S the
voltage modulation signal, and «f/dq and dq/«f represent
the rotation coordinate relationship. Main circuit parameters
of the hardware-in-the-loop experiment system are given in
Table I.

The conduction situations of the rectifier have been analyzed
in Section II. Furthermore, two working conditions converter
overloaded and voltage spike are added. A sudden change in
load resistance from 10 to 52 is used to simulate the rectifier
overloaded condition. DC-side reference voltage Uy spikes
from 3000 to 3500 V to simulate voltage spike. The faults are set
to occur 0.1 s after rectifier overloaded and voltage spike. Taking
half-cycle data as a sample, 250 samples are collected for each of
the 12 fault types, the sample size of which is 1000 x 1. As for the
training/test split, the percentage of the data that should be held
over for testing is 0.2. Therefore, the dataset has 9000 samples,
of which the training set contains 7200 and the validation set
contains 1800. Table II tabulates the fault types of the rectifier.

B. Fault Identification With Comparative Methods

To verify the effectiveness of using dual channels, experi-
ments are performed first on the single channel of CNN, CRNN,
and VMD-CRNN, respectively. For the convolutional module
in both 1D-CNN and CRNN model, the Layerp_cyy is set
to 2. With regard to the method combining VMD with CRNN,
the number of Layer;_cny 1S correspondingly increased to
three because the sample size of the input is 1000*3. Each



QIN et al.: VWM-DCRNN: A METHOD OF COMBINING SIGNAL PROCESSING WITH DEEP LEARNING FOR FAULT DIAGNOSIS

TABLE III
RESULTS OF THE COMPARATIVE METHODS

Index 1D-CNN layers(cells) SRU layers(cells) Accuracy(%)
CNN-I 2(12/24) - 54.5
SRU-I - 2(50%2) 55.4

CRNN-I 2(12/24) 2(50*2) 58.3
VMD-CRNN-I 3(12/24/48) 2(50%2) 66.3
CNN-U 2(12/24) - 33.7
SRU-U - 2(50*2) 29.9
CRNN-U 2(12/24) 2(50%2) 37.9
VMD-CRNN-U 3(12/24/48) 2(50%2) 43.3

layer consists of convolutional and max-pooling layers. Detailed
parameter settings and results are given in Table III. It can be
seen that whether it is a single-channel model of current or
voltage, the accuracy is sequentially improved. Furthermore,
Fig. 17(a) illustrates the testing accuracies through 2000 iter-
ations for each model. VMD-CRNN outperforms CNN, SRU,
and CRNN to a certain degree. The CNN network is the first to
reach convergence, and the highest accuracy is 54.5%. Hence,
without any preprocessing, the features extracted directly from
the data of the same conduction interval are quite similar, so
the classification performance is hard to be further improved.
Fig. 17(b) reveals the testing loss of each model through 2000
iterations. From Fig. 17(c) and 17(d), a similar conclusion can
be drawn: VMD-CRNN outperforms CNN and CRNN. On
the other hand, compared with CNN, CRNN has improvement
both in accuracy and loss value, especially in loss value. After
comprehensive consideration of accuracy and robustness, VMD-
CRNN is selected as the model for subsequent experiments.

More clearly, the confusion matrix evaluates the accuracy
of classifier classification. The size of the confusion matrix
1S Nelasses X Melasses, Where each column represents the class
prediction of the sample by the classifier, and each row represents
the real class to which the sample belongs.

The confusion matrix of VMD-CRNN (under current dataset)
is given in Fig. 18(a), from which it can be seen that labels
yn € {1,2,3,4,5,6,7,8} can be correctly classified in a cer-
tain degree while labels y,, € {0,9,10,11} are misidentified
with each other. The reason is that the fault characteristics of
IGBT and diode are mostly reflected in current but the fault
characteristics of series resonant circuit are not sensitive to
current. Fig. 18(b) shows the confusion matrix of VMD-CRNN
(under voltage dataset), which reveals the exact opposite of
VMD-CRNN (current dataset) because the fault characteristics
of series resonant circuit are mostly reflected in voltage. From
Table III, it can be seen that the maximum accuracy of all
comparative methods is 66.3%, which means, either way, it
is not appropriate to perform complete fault diagnosis with
a single-channel model. From Fig. 18, it is obvious that the
VMD-CRNN (under voltage dataset) and VMD-CRNN (current
dataset) exhibit complementary characteristics. Therefore, the
dual-channel model is applied in the following experiment.
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(voltage). (d) Testing losses of single-channel model (voltage).

C. Fault Identification With VMD-DCRNN

The model establishment of fault type identification is dis-
cussed in Section III. The CRNN framework used for fault iden-
tification combines three 1D-CNN layers with two SRU layers.
This framework not only has 96.27% of fault type identification
but also achieves the best robustness. These results demonstrate
that, compared with the single-channel models and models using
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Fig. 18.  Confusion matrix of VMD-CRNN. (a) VMD-CRNN for identifying

the fault types (under current dataset). (b) VMD-CRNN for identifying the fault
types (under voltage dataset).

data without signal processing as input, the proposed method
provides clear advantages by combining signal processing with
deep learning. The 1D-CNN layer processes data in the time
domain, yielding that the features containing most of the fault
information can be considered as the equivariant representations
in the time domain. In addition, SRU has the ability to mine
hidden timing information used to model time series.
Specifically, the confusion matrix of VMD-DCRNN is shown
in Fig. 19, from which it can be seen that the VMD-DCRNN is
sensitive to the difference of each fault type. Among the 1800
test samples, 1733 samples are correctly classified. In total,
13 samples’ fault type, which should belong to T3 failure, is
misidentified as the 75 failure. The reason is that 75 and 73
have the similar fault characteristics, as discussed in Section
II. As such, the features they extract will be similar, yielding
classification errors. Other sample classification errors are also
for this reason. However, most of the samples are correctly
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Fig. 19. Confusion matrix of VMD-DCRNN.
TABLE IV
TEST RESULTS AND TIME

Worl'qng Fault category Test result Time

conditons (s)
Normal(0) 0:40 1.64

T1(1) (1:27)(4:13) 1.61
T2(2) (2:34)(3:4)(9:2) 1.59
T3(3) (3:26)(9:11)(2:3) 1.59
Ty(4) 4:40 1.55
Steady D1(5) (5:12)(2:8)(8:8)(7:8)(4:4)  1.77
state D2 (6) (6:18)(7:15)(5:7) 1.65
Ds3(7) (7:15)(6:11)(3:11)(2:3) 1.63
D4(8) (8:23)(5:11)(6:4)(2:2) 1.63
L OC(©9) 9:40 1.57
L SC(10) 10:40 1.57
C SC(11) (11:36)(3:4) 1.59

classified, which indicates that the VMD-DCRNN is effective
for classifying the fault type of the rectifier.

Table IV gives the results and time of the test using HIL data.
The number in the fault category indicates the fault label, which
corresponds to Table II in the manuscript. The number of test
results represents the number of each category. For example,
for T} faults under steady state, the test results are (1:27) and
(4:13), which means that 27 samples are identified as 7} faults
and 13 samples as 7} faults. In this way, it is considered that T1
open-circuit fault occurs in the rectifier. The duration of the test
is roughly between 1.5 and 1.8 s, and all the faults are correctly
categorized.

D. Robustness Verification

Since the condition of voltage spike for training is that the
voltage surges to 3500 V, the condition of rectifier overloaded
for training is that the load jumps to 5 €2, and more experiments
are done to explore the boundaries of this model. For the voltage
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TABLE V
RESULTS OF THE ROBUSTNESS VERIFICATION

Worl.qng Situation  Test result Loss
conditons
Voltage 3400V 96.33% 0.1092
. iki 3750V 86.5% 0.3927
P 4000V 75.67%  0.6983
. 7Q 90.67% 0.2995
Rectifier
loaded 4Q 85.5% 0.4116
overioade 30 465% 23137

spike condition, the data of Uy, surging to 3400, 3750, and
4000 V are selected and put into the trained model. From
Table V, the test accuracy under the condition of voltage surging
to 3400 V is 96.33%, which means that the rectifier can diagnose
faults perfectly when the voltage changes between 3000 and
3500 V. The test accuracy under the condition of voltage surging
to 4000 V is 75.67% and some errors cannot be recognized. It
can be seen that the model can still complete the fault diagnosis
normally when the voltage surges to 3750 V. Therefore, it can
be considered that as long as the voltage surge does not exceed
3750V, this model is competent for the task of fault diagnosis.
For the rectifier overloaded condition, the data of R, decreasing
to 7,4, and 3w are selected and put into the trained model. In the
same way, as can be seen in Table V, it can be considered that
as long as the load is not less than 4 €2, this model is competent
for the task of fault diagnosis. To sum up, this model has good
robustness.

V. CONCLUSION

This article proposed a fault diagnosis method of rectifier
based on VMD-DCRNN, where VMD is used for feature de-
composition and DCRNN is used for feature extraction and
fault identification. First, the fault current and voltage signal
have been decomposed into a series of stable IMFs to simplify
the signal adaptively. Next, the selected IMFs of current and
voltage have been taken as the input eigenvectors of CRNN,
respectively, to further extract the deeper characteristics. Finally,
the VMD-DCRNN model has been trained iteratively, and the
experimental results demonstrate the efficacy of the proposed
method in fault diagnosis.

The proposed method makes full use of the data and charac-
teristics of the grid-side current and the dc-side voltage along
with the combination of signal processing and deep learn-
ing, which solves the problem of fault diagnosis for almost
all components in the single-phase rectifier that are prone to
failure.

Future work includes online fault diagnosis and network
visualization, so as to better explain the feature extracting pro-
cess and further guide signal-channel sequencing. In addition,
multisensor fault diagnosis of single-phase rectifier is a place
where deep learning can flex its muscles. There should be a lot
of work that can be done in this direction.
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