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Abstract—Multilevel inverters, for their distinctive perfor-
mance, have been widely used in high voltage and high-power
applications in recent years. As power electronics equipment re-
liability is very important and to ensure multilevel inverter sys-
tems stable operation, it is important to detect and locate faults
as quickly as possible. In this context and to improve fault diag-
nosis accuracy and efficiency of a cascaded H-bridge multilevel
inverter system (CHMLIS), a fault diagnosis strategy based on the
principle component analysis and the multiclass relevance vector
machine (PCA-mRVM), is elaborated and proposed in this paper.
First, CHMLIS output voltage signals are selected as input fault
classification characteristic signals. Then, a fast Fourier transform
is used to preprocess these signals. PCA is used to extract fault sig-
nals features and to reduce samples dimensions. Finally, an mRVM
model is used to classify faulty samples. Compared to traditional
approaches, the proposed PCA-mRVM strategy not only achieves
higher model sparsity and shorter diagnosis time, but also pro-
vides probabilistic outputs for every class membership. Experi-
mental tests are carried out to highlight the proposed PCA-mRVM
diagnosis performances.

Index Terms—Cascaded H-bridge, fault diagnosis, model spar-
sity, principal component analysis (PCA), multiclass relevance vec-
tor machine (mRVM).

NOMENCLATURE

CHMLIS Cascaded H-bridge multilevel inverter system.
SPWM Sinusoidal pulse width modulation.
OC Open circuits.
SC Short circuits.
H1S1 H-bridge 1, Switch 1.
FFT fast Fourier transform.
PCA Principle component analysis.
mRVM Multiclass relevance vector machine.
BP Back propagation neural network.
SVM Support vector machine.
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I. INTRODUCTION

INDUSTRY is requiring higher power ratings in the recent
years. Multilevel inverters, as converters new type, have

been widely applied in the field of high voltage and high-power
field since they become a solution for high-power applications
[1]–[2]. Compared to a traditional two-level inverter, the mul-
tilevel itself possesses the following advantages: low voltage
stress in power switches; series voltage sharing of power devices
[3]–[5]; output voltage waveform low harmonic content; less
electromagnetic interference; less switching loss; high working
efficiency. In addition, the multilevel inverter not only produces
high power ratings, but also enables the use of renewable en-
ergy sources [6]. Cascaded H-bridge multilevel inverter systems
(hereinafter called the CHMLISs) have availability as a key fea-
ture allowing good application prospects [7]. Thus, it is now
widely applied in the field of high-power transformers [8]. Trou-
bled by the extensive use of the power semiconductor devices,
the probability of multilevel inverter fault is increasingly rising,
such as open circuits (OC) or short circuits (SC) of the power
switch transistors [9]. Since the multilevel inverter systems are
applied in high-power applications, the system reliability of the
power electronics equipment is very important [10]. In the area
of industrial applications, for instance, the industrial manufac-
turing depends heavily on the induction motor and its inverter
system for process control [11]. As we all know, the downtime
of manufacturing equipment will cause a great loss of more
than hundreds to thousands of dollars per hour. Therefore, the
fault detection and diagnosis are vital for enterprises production
line [12]. In order to protect the circuit and to reduce the in-
fluence of power devices failure, some protective circuits have
been applied to the inverter system, such as, overheating, over-
current, and overload relays [13]. These protective circuits may
fail too. This may be due to several reasons such as several
nonlinear factors in the multilevel inverter, the complex circuit
configuration, the non-normal use, power system disturbance,
load disturbance, and electromagnetic interference [14]. Hence,
a fault detection and diagnosis procedure will help diagnosing
and locating the faults of the inverter [15].

In order to keep normal operation for the multilevel inverter
system, the expertise of fault behaviors, fault prediction and
fault diagnosis will be necessary. Fault diagnosis of power elec-
tronic devices includes the following two aspects: one is fault
information acquirement, which means obtaining the informa-
tion when the fault occurs using certain fault detection approach,
another is fault diagnosis and classification, which are based on
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Fig. 1. CHMLIS configuration.

the detected faults information to diagnose the type and local-
ization of faults by a certain fault diagnosis approach [9]. In
this particular context, faults should be quickly detected after
the occurrence. If an inverter system runs continuously under
the abnormal conditions, this would cause other failures and
bring serious consequences [16]. Moreover, the CHMLIS con-
sists of many switching devices, so its system is complex with
many nonlinear factors [17]. In the case of a fault, it is difficult
to diagnose the fault in time by the conventional approaches.
Therefore, some innovative diagnosis approaches are necessary
in CHMLIS, which can not only deal with the nonlinear detec-
tion problems but also diagnose and locate the faults quickly.

Regarding the CHMLIS, depending on the faults type and
locations, the system voltage and current will be different cor-
respondingly. In order to judge fault type and location more
quickly and effectively, many researchers usually focus on the
system output current or voltage, and then, generalize a series of
fault diagnosis approaches from the study [18] and [19]. Lots of
diagnosis approaches have been used for the inverters [20]–[25].
An optimal fault-tolerant control technique is proposed for open-
circuit faults in five-phase permanent-magnet synchronous ma-
chine drives in [26]. Open-circuit faults in stator windings of
the machine as well as inverter switches have been analyzed
in this paper. A technique based on a recent enhancement on
wavelets, which is known as complex wavelets, is proposed in
[27] for identifying multiple faults in vector controlled induc-
tion motor drives. Radial, axial, and tangential vibrations are
analyzed for diagnostic purpose. To solve the complex prob-
lems in multilevel inverters, Bordignon has proposed the slope
method, which is based on the use of the slope of the diameter
of the current space vector trajectory for fault detection [28]. A
real-time inverter fault diagnosis approach is proposed, which
is based on the subtractive clustering analysis of the stator cur-
rent vector and a quick mean current vector calculation in [29].
The approach detects the fault within 1/4 cycle and have been
applied in various control strategies. However, it is infeasible to
apply this approach on some other topologies. Besides, a fault
diagnosis approach based on a fuzzy support vector machine is
proposed in [30]. Although this method achieves better diagno-

Fig. 2. Single-phase cascaded five-level inverter.

Fig. 3. SPWM scheme digital implementation.

sis accuracy, the diagnosis computing time is much longer than
other approaches.

To improve the accuracy and efficiency of CHMLIS fault di-
agnosis, this paper proposes PCA-mRVM strategy, which has
higher model sparsity for fault diagnosis. The proposed diag-
nosis strategy could find fault location from CHMLIS output
voltage waveform. First, to make the fault signature obvious,
the fast Fourier transform (FFT) of the sampled data is com-
puted in order to extract the frequency domain of the signals
[31], [32]. Then, the PCA method is used to reduce the data
dimension and extract signal features [33]. Finally, the mRVM
method is used to classify and locate the faults, which has a
model of high sparse degree, output the probability of all kinds
of members, and can solve the nonlinear problem [34]. In order
to verify the effectiveness of the proposed PCA-mRVM strat-
egy, a CHMLIS fault diagnosis experiment test bench is built
based on dSPACE1104 real-time control system. The proposed
approach has been compared to traditional diagnosis strategies
based on experimental data.

In the following, Section II briefly introduces the fault diag-
nosis system. Section III illustrates the proposed fault diagnosis
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TABLE I
FAULT TYPES AND CHMLIS DESCRIPTION

Fault types Category Description

Simple-fault, a
total of nine
classes.

1 Normal: Considers a special fault, which
implies a total of one class.

2 Only one device is faulty which means A
total of eight classes.

Complicated-
faults, a total of
28 classes.

3 Two devices of the same leg are faulty: A
total of four classes.

4 Two upper-leg (lower-leg) devices of one
bridge are faulty: A total of four classes.

5 Two diagonal devices of one bridge are
faulty: A total of four classes.

6 Two devices of different bridge are faulty:
A total of 16 classes.

Fig. 4. Output waveform when Cascaded H-bridge switch S1-S4 open cir-
cuit. (a) Output waveform of H-bridge 1 open circuit, (b) Output waveform of
H-bridge 2 open circuit.

strategy. Section IV details the experimental setup configuration
and results analysis. Section V describes the simulation system
and reports on some results. Finally, Section VI reports on some
general conclusions and perspectives.

II. FAULT DIAGNOSIS SYSTEM

A. Configuration of Fault Diagnosis System

Fig. 1 shows the configuration of CHMLIS, which is pre-
sented in this paper. The system hardware consists of a single-
phase five-level inverter, IGBT drive circuit, and a dSPACE1104
controller board. Besides, the voltage sensor has been used to
measure the output voltage of the single-phase five-level in-
verter. This paper discusses the conditions where there is only
one or two devices affected by OC fault at the same time. OC

fault refers to the case where the power semiconductor device
is under the off-state status. This status appears when the gate
driver unit or the gate firing hardware circuit fails. The SC faults
can be converted to OC faults by adding a fast acting fuse in the
circle where the switch is. Thus, when SC faults happen, the fast
acting fuse disconnects and the SC faults are converted to OC
faults. Fig. 2 shows a single-phase cascaded five-level inverter
topology.

The selection of the modulation strategy is generally based
on the practical application as well as on the configuration
of the hardware. The modulation mechanism in CHMLIS is
commonly done through the switching mode of the adjustment
switch, which makes the system working at the proximal elec-
trical level status. Furthermore, each modulation strategy will
produce different abnormal behaviors when a failure occurs on
the hardware circuit. Thus, the comparative research between
the abnormal behavior (in the presence of fault) and the normal
behavior is a common approach of fault detection or postfault
decision. Thus, it is necessary to choose an appropriate modula-
tion strategy for the further development of fault detection and
classification [35], [36].

In Fig. 3, Vm is the modulating reference signal and V1 is
the triangular carrier and the pulse signal. This paper adopts
the carrier phase-shifted SPWM (CPS-SPWM) technology. The
analysis and experiments have demonstrated that the technol-
ogy possesses the advantages of high equivalent switching fre-
quency, low switching losses, and fast dynamic response as well
as wide bandwidth. Based on the aforementioned advantages,
the technology is quite interesting to apply for different control
strategies. Fig. 3 illustrates the process of generating pulse sig-
nals for IGBT drives. The value of the inverter output voltage
is modulated by modulation index ma [37]. Herein, ma refers
to the amplitude ratio of the carrier signal and the modulation
signal. The D-value of carrier phase angle between adjacent
modules is

θd = (2π/kc)/n (1)

where kc refers to the frequency ratio of the carrier signal and
the modulation signal.

B. Fault Signal Analysis

The faults of CHMLIS generally fall into OC and SC of
power switches. This paper mainly focuses on the OC faults. In
the case of the SC faults, it can be converted into OC faults by
implementing fast acting fuses into the inverter circuit. When
SC faults happen, the fast acting fuse disconnects and the SC
faults are converted to OC faults [38]. Some of the technical
approaches, that are used to extract faults information from
system, are needed to achieve fault type and fault localization. It
is known that the probability of several transistors breakdown at
the same time is very small. Thus, a maximum of two switching
devices faults are discussed in this paper. The type of OC faults
falls into single OC and double OC. Among them, the first
one is defined as simple fault, and the second one is defined as
complicated fault. The details of faults type are shown in Table I.
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Fig. 5. Output voltage signals for different fault types. (a) Inverter work under normal state. (b) OC fault occurred in the inverter H1S1. (c) OC fault occurred in
the inverter H1S2. (d) OC fault occurred in the inverter H2S1. (e) OC fault occurred in the inverter H2S2. (f) Complicated-faults of H1S1 and H2S1 OC.

It is very important to select the appropriate signals as an
input of the classification diagnostic model, which will directly
affect diagnostic results. Regarding, the inverter output current;
it is affected by the effect of load variations and may lead to
false diagnosis. Therefore, the inverter output voltage waveform,
which can be acquired using a voltage measurement sensor at the
inverter output terminals, is used in the present work. Indeed, the
output voltage signals of CHMLIS are selected as characteristic
signals input of the fault classification using the proposed fault
diagnosis strategy.

Depending on the location of switch OC faults, the inverter
output voltage waveforms will be different, as illustrated in
Fig. 4. The output voltage waveforms are nearly the same when
the faults appear at the same position. It can be concluded from
this figure that the output voltage waveform is closely related to
the fault location. It has been proven that, it is feasible to detect
and locate the inverter simple fault with the inverter output
voltage waveform, as illustrated in Fig. 5(a)–(e) [17]. However,
it is difficult to distinguish the complicated faults by means of
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Fig. 6. Structure of the fault diagnosis strategy.

the output voltage of system. In this paper, three voltage sensors
are used in order to measure the output voltage of the inverter
and the output voltage of each bridge, as illustrated in Fig. 5(f).
Except getting the voltage shown in the figure, also get the upper
and lower unit voltage, respectively, as the sample data.

As shown in Table I, the single-phase five-level cascaded
H-bridge inverter OC faults fall into six broad categories, which
include 37 classes. The first two categories of faults are called
simple fault, which includes 9 classes, and the next four cate-
gories of faults are called complicated faults, which covers 28
classes. When the third or the fourth category faults occur, it
causes the inverter breakdown quickly. Additional sensors and
high cost may be required in order to be able to separate all
the classes of these two categories. Hence, only the two broad
categories are discussed afterwards. In this way, there are 33
classes of faults in this paper.

III. PCA-MRVM-BASED FAULT DIAGNOSIS STRATEGY

Fig. 6 shows the structure of PCA-mRVM fault diagnosis
strategy. In fact, the CHMLIS fault diagnosis is composed of
four parts: feature extraction, classification diagnostic model,
output diagnostic results, and switching pattern calculation. This
paper mainly studies the first three parts. This section takes the
simple fault as an example to introduce the strategy studied
in this paper. First, the model would output the classification
results in the form of binary code via the multinomial pro-
bit link la = i if yai > yaj ∀j �= i [34]. After that, the binary
codes are compared with the prior knowledge to decode the
faults type and location. The binary codes of simple faults are
shown in Table II. For instance, the classification model output
is [0, 1, 0, 0, 0, 0, 0, 0, 0]T when a CHMLIS OC fault occurs at
Bridge 1-Switch 1 (H1S1), as shown in Fig. 5(b) the classifica-
tion model output [0, 1, 0, 0, 0, 1, 0, 0, 0]T stands for two CHM-
LIS OC fault occurs at H1S1 and H2S1, as shown in Fig. 5(f).
The other types of simple fault can be seen in Table II.

TABLE II
FAULT CLASS AND LABELS

Fault class label

Normal [1, 0, 0, 0, 0, 0, 0, 0, 0]T

H1S1 Open [0, 1, 0, 0, 0, 0, 0, 0, 0]T

H1S2 Open [0, 0, 1, 0, 0, 0, 0, 0, 0]T

H1S3 Open [0, 0, 0, 1, 0, 0, 0, 0, 0]T

H1S4 Open [0, 0, 0, 0, 1, 0, 0, 0, 0]T

H2S1 Open [0, 0, 0, 0, 0, 1, 0, 0, 0]T

H2S2 Open [0, 0, 0, 0, 0, 0, 1, 0, 0]T

H2S3 Open [0, 0, 0, 0, 0, 0, 0, 1, 0]T

H2S4 Open [0, 0, 0, 0, 0, 0, 0, 0, 1]T

A. Signal Preprocessing Based on FFT

The output voltage waveforms are sampled from the
CHMLIS prototype under no-load condition, as shown in Fig. 4.
We can see that the signals are difficult to rate as an important
characteristic for fault classification. Therefore, a signal trans-
formation technique must be adopted. To be more precise, the
choice of feature extraction method must supply sufficient fault
details for classification model. One possible technique for im-
plementation on a digital signal processing microchip is FFT.
The FFT technique has a good identity feature to classify normal
and abnormal features.

By sampling a period of a discrete output voltage signal
{fb}B−1

0 , the result data X ∈ �A×B can be achieved after FFT,
where A is the size of observations, B is the size of the selected
previous harmonic. The FFT transformation is illustrated as (2)
and (3) [32]. Then, the preprocessed fault data X ∈ �A×B is
corresponded to its category label as an input data υ, l is the
category label of each fault

Fk = Gk + Wk
B Hk , for k = 0, . . . ,

B

2
− 1 (2)

Fk+B/2 = Gk − Wk
B Hk , for k = 0, . . . ,

B

2
− 1 (3)

where WB = e−j2π/B , Gk is defined for even-numbered ele-
ments of fb , whereas Hk is for odd-number elements of fb . Gk

and Hk can be computed by (4) and (5). Obviously, the results
are satisfactory for identifying fault features

Gk =
( B

2 )−1∑

b=0

f2bW
bk
B/2 (4)

Hk =
( B

2 )−1∑

b=0

f2b+1W
bk
B/2 . (5)

In this paper, after getting voltage signal from the inverter,
FFT is used to achieve signal preprocessing. By analyzing the
operating principle of the inverter and the characteristics of
FFT, it can be seen that when a fault of the switching devices
at H1 (S1 and S2) or at H2 (S3 and S4) occurs simultaneously,
the FFT data does not change, as well as the change of phase,
which is equal to π. Thus, it is hard to distinguish the fault
only by using the spectrum, as shown in Fig. 7. However, by
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Fig. 7. Harmonics amplitude for H1S1 and H1S2 using FFT.

Fig. 8. Harmonics amplitude for H1S1 and H1S2 after special handling.

adding the phase information of the voltage data after FFT, the
different characteristics of these two faults are separated. Hence,
the sample dimension will be increased too. Considering these
reasons, this paper will adopt the method that extracts the real
part of the dc component, which can differentiate between these
cases, as shown in Fig. 8.

B. Feature Extraction Based on PCA

The dimension of variables is till high after FFT. Therefore,
it is difficult to list each feature for fault diagnosis classifica-
tion. Basically, PCA is a statistical technique, which is used to
transform a set of correlated variables to a new lower dimen-
sional set of variables, which are uncorrelated or orthogonal
with each other. A reduced representation of the original data
is obtained, which is smaller but having enough information to
deal with. The discussion of PCA presented in this section will
be brief, providing only indispensable equations to elucidate the
fundamental PCA approach applied to a fault diagnosis system
in CHMLIS.

Suppose X ∈ �A×B is a A × B data matrix of system vari-
able sequence. Where the size of samples is A, the size of

variables (that is the selected previous harmonic) is B. Then,
the covariance matrix equation can be calculated from

RX = E
{

[X − E (X)] [X − E (X)]T
}

. (6)

The eigenvalues λ and the corresponding eigenvectors P
would be obtained by

|λI − RX | = 0 (7)

|λiI − RX | pi = 0, i = 1, 2, . . . , B (8)

where the λi is the ith eigenvalue of RX , and it can be arranged as
λ1 ≥ λ2 ≥ . . . ≥ λB . pi is the eigenvector of RX corresponding
to λi .

The size of principal components (PCs) is selected by cu-
mulative percent variance (CPV), as shown in the following
equation:

CPV (m) =

(∑m
i=1 λi∑B
i=1 λi

)
× 100% ≥ CL (9)

where the value of CL can be determined by the user as prede-
termined limit [33]. Finally, a new lower dimensional matrix X̃
can be calculated from

X = TP =
B∑

i=1

tip
T
i =

m∑

i=1

tip
T
i +

B∑

i=m+1

tip
T
i = X̃ + E

(10)
where T is the score matrix, P is the load matrix, ti is the
score vectors and pi is the load vectors, and m is the dimension
of the principal component space. m is much less than B. X̃
is the principal component matrix, E is the residual matrix.
PCA reduces the original set of B variables to m principal
components.

In this paper, after signal preprocessing based on FFT, the
signals are converted from time domain to frequency domain.
Such as matrix X ∈ �A×B in (6), the size of variables B is the
FFT harmonic order. Harmonic amplitude is used as the value
of the variables. PCA method is used to transform the set of
correlated dates to a new lower dimensional set, as matrix X to
matrix X̃ in (10). The cumulative percent variance from PCA
is selected around 85% to get appropriate principal components
using (9).

C. mRVM Classification Method

Multiclass multikernel relevance vector machines (mRVMs)
expand the original relevance vector machines (RVM) into the
multiclass setting by introducing auxiliary variables Y , which
act as intermediate regression targets, and which naturally lead
to the multinomial probit likelihood [39] for the estimation of
class membership probabilities. The auxiliary variables Y also
provide significantly competitive results in contrast to the tra-
ditional classification approach [e.g., Suppot Vector Machine
(SVM)]. In fact, it achieves sparsity without the constraint of
having a binary class problem and provides probabilistic out-
puts for class membership instead of the hard binary decisions
given by the traditional SVMs. In this paper, the mRVM algo-
rithm is utilized to classify the faults after feature extraction. In
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Fig. 9. Hierarchical Bayesian model.

the following, a brief introduction of mRVM and indispensable
equations are given [34].

First, a training set {x̃i , li}A
i=1 should be given, where X̃ ∈

�A × m is the samples dimension and l ∈ {1 . . . C} is the class
label. More conveniently, we derived our training kernel K ∈
�A × A based on a dataset-dependent kernel function from X̃ ∈
�A × m . The learning processes involve the inference of the
model parameters W ∈ �A × C , which by the quantity WTK
act as a voting system to express which relationships of the
data are important in order to have appropriate discriminative
properties for the model. Hereafter, the auxiliary variables Y ∈
�C × A act as the regression targets of WTK. This way, the
standardized noise model can be calculated from

yca |wc, ka ∼
(
wT

c ka , 1
)
. (11)

As regressors W express the weight with which a data point
“votes” for a specific class, the auxiliary variables Y express a
class membership ranking system. Given a sample n, we assign
it to the class c with the highest ycn . The continuous nature of
Y allows not only multiple class discrimination via the multino-
mial probit link la = i if yai > yaj ∀j �= i but also a probabilis-
tic output for class membership via the resulting multinomial
probit likelihood function

P (ta = i|W,ka) = εp(u)

⎧
⎨

⎩
∏

j �=i

φ
(
u + (wi − wj)

T ka

)
⎫
⎬

⎭
(12)

where u ∼ N (0, 1) and φ are the Gaussian cumulative distri-
bution function. The training procedure involves consecutive
updates of the model parameters based on standard expectation
maximization (E-M) scheme. The regressors W closed-form
posterior can be calculated from Fig. 9

P (W|Y) ∝ P (Y|W) P (W|A)

∝
C∏

c=1

N
((

KKT+Ac
)−1

KyT
c , (KKT+Ac)−1

)
(13)

where Ac is the diagonal matrix derived from the c column of
A, which expresses the scales αic across samples. Based on the
previous equations, the maximum a posteriori (MAP) estimator
for the regressor is Ŵ = argmaxwP (W|Y,A,K). Thus, the
parameters update method is based on the MAP value as shown

in the following equation:

ŵc =
(
KKT+Ac

)−1
KyT

c . (14)

The posterior distribution of the auxiliary variables can be
calculated by (14) as well as [40]. In the case of ∀c �= i, its E
step is shown in the following equation:

ŷca ← ŵT
c ka −

εP (u)
{
Nu

(
ŵT

c ka − ŵT
i ka , 1

)
Φa,i,c

u

}

εP (u)

{
Φ

(
u + ŵT

i ka − ŵT
c ka

)
Φa,i,c

u

} .

(15)
As for the ith class, its E step is shown in the following

equation:

ỹia ← ŵT
i ka −

⎛

⎝
∑

j �=i

ỹja − ŵT
j ka

⎞

⎠ . (16)

After the update of the hyperpriors αac , the closed-form pos-
terior is shown in the following equation:

P (A|W) ∝ P (W|A)P (A|τ, υ)

∝ P

C∏

c=1

A∏

a=1

G

(
τ +

1
2
,
w2

ac + 2υ

2

)
. (17)

The mean of Gamma distribution is shown in the following
equation:

α̃nc =
2τ + 1

w2
ac + 2υ

. (18)

The detail of the E-M scheme can be found in [34].
In this paper, after data dimension reduction based on PCA,

mRVM is used for data classification. Data after PCA are
assigned to x̃i in training set {x̃i , li}A

i=1 . The class label
l ∈ {1 . . . C} is given in Table II. The Gaussian kernel function
is used in the mRVM, and the parameter of the kernel function
is selected by the accuracy of classification. After the data stan-
dardization, we select convergence criterion by trivial change
in hyperproirs τ and υ, as shown in (17). In order to get higher
model sparse degree for short diagnosis time, the mRVM limits
most of the model parameters near zero based on the Bayesian
framework using fast Type-II maximum likelihood method.

This paper employs the experimental data to validate the
effectiveness of the proposed approach for the detection and
diagnosis of the simple faults, while the simulation data are used
in order to validate the performance of the proposed approach
on complicated faults.

The PCA-mRVM strategy working process is shown in
Fig. 10. The working process can be described as in the
following:

Step 1: Initializing the parameters of the PCA-mRVM strat-
egy.

Step 2: Inputting the experimental samples or simulation
samples to diagnose.

Step 3: Preprocessing the samples based on FFT by (4) and
(5).

Step 4: Extracting sample’s feature based on PCA with (9)
and (10), and setting the PCA parameters (CL). After
PCA, the data are divided into two groups, one is
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Fig. 10. Flow chart of the fault diagnosis strategy based on the PCA-mRVM
strategy.

Fig. 11. Experimental setup.

training data and the other is test data. The training
data are used to train the mRVM classification model
and the test data are used to verify the effect of the
classification.

Step 5: The samples that are extracted after Step 4 falls into
training samples [Ttrain , ltrain ] and testing samples
[Ttest , ltest ].

Step 6: Setting the kernel parameters for the mRVM model
as shown in Figs. 12 and 15.

Fig. 12. Diagnosis accuracy along with the changing of mRVM kernel pa-
rameter for sample fault.

TABLE III
MAIN PARAMETERS OF THE SYSTEM

Symbol Quantity Value

Ud c dc-link voltage 48 V
R l o a d Resistance load 1 kΩ
fs switching frequency 1 kHz
fe s a m p le Experimental sample frequency 25 kHz
fs s a m p le Simulation sample frequency 40 kHz

Step 7: Modeling learning process. Calculating relevance
vector based on training samples. If the convergence
criterion is unsatisfied, then go back to retrain the
relevance vector, else output the diagnostic model.

Step 8: The testing samples are utilized to test the diagno-
sis performance of diagnostic model. If the diagnosis
performance achieves expected goals, then decode
the model outputs with prior knowledge, else go back
Step 6 to adjust the parameters.

IV. EXPERIMENTAL TESTS

According to the single-phase cascaded five-level inverter
principle shown in Fig. 2, the CHMLIS fault diagnosis exper-
imental has been built based on dSPACE1104 control system,
the main parameters of the system are set as shown in Table III.
The experimental circuit structure is shown in Fig. 11, wherein
the drive circuit consists of integrated power modules TLP250.
The N-channel power IGBT IRGP35B60PD is selected as the
power switch transistors in this system, which includes a built-in
reverse diode. One voltage sensor is used to measure the output
voltage of the system. Two switching power supplies S-480-48
are selected as switch powers, which input 115V-230V/ac and
output +48V/dc. This single-phase CHMLIS is controlled by
carrier phase-shifted SPWM (CPS-SPWM).
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TABLE IV
PARAMETER CONFIGURATION FOR DIFFERENT METHODS

A. Workflow Diagram of Fault Diagnosis

Fig. 6 presents the main workflow of the single-phase cas-
caded H-bridge five-level inverter fault diagnosis experimental.
The construction is based on dSPACE1104 real-time control sys-
tem. The inverter experimental circuit covers dead-zone circuit,
driving circuit as well as H-bridge main circuit. The SC faults
are generally converted into OC faults by implanting rapidly
fuses into the inverter circuit. Hence, we focus on OC faults in
CHMLIS.

B. Parameters Setting

In order to verify the effectiveness of the PCA-mRVM strat-
egy, the traditional approaches, such as BP neural network,
SVM, are applied for CHMLIS fault diagnosis. In this section,
the simple fault is validated by the experimental data. There ex-
ist 50 groups of samples after FFT transformation; each group
has nine classes of faults. The fault category labels are shown
in Table II. The sampling frequency is 25 kHz, sampling time is
0.02 s, so the size of samples is 500. The sampled output volt-
age signals harmonics are computed using the FFT. The FFT
waveform is symmetrical in one cycle, only the first half cycle
is utilized for classification. Depending on the single OC fault
location, the inverter output voltage is different as illustrated in
Fig. 4. The output voltage waveforms are nearly the same when
the faults appear at the same position. Thus, only the inverter
output voltage, which is measured by voltage sensor, is utilized
to diagnosis simple fault. The training samples are 30 groups
of samples [T̃train , l̃train ]270 × 250 , which are selected from the
original experimental samples of 50 groups. The testing sam-
ples are selected from the remaining 20 groups and contain 5
groups [T̃test , l̃test ]45 × 250 , 10 groups [T̃test , l̃test ]90 × 250 , and
20 groups [T̃test , l̃test ]180 × 250 . Since the features of these sam-
ples are too large to deal with, it is necessary to reduce the
dimension of the samples. Hence, PCA is utilized to reduce
the dimension of the samples after FFT computation. It allows
extracting features of complex numbers and simplifies samples
by introducing relative operators. After training 50 times, the
average parameter configuration is shown in Table IV.

Herein, the innum means the size of input layer, midnum
means the size of hidden layer, outnum means the size of out-

TABLE V
COMPARISON OF GAUSSIAN KERNEL AND LINEAR KERNEL IN TESTING TIME

AND DIAGNOSIS ACCURACY ON SIMPLE FAULT

Testing sam-
ples(groups)

Average testing time (s) Average diagnosis accuracy
(%)

Gaussian
kernel

σ = 0.5

Linear
kernel

Gaussian
kernel

σ = 0.5

Linear
kernel

5 0.012756 0.0130622 100 100
10 0.013735 0.0117653 100 100
20 0.01105 0.0099956 100 100

put layer. f(x) is the transfer function in hidden layer, η is
the learning rate. For better performance, the parameters of the
PCA-BP method are selected according to experience. K (x, y)
is the kernel function and σ is the kernel parameter for several
methods. c is the penalty factor of SVMs, CL is the predeter-
mined limit for PCA. The value of CL is 0.85, which can extract
the characteristics of the data under the cumulative percent vari-
ance from PCA. Based on (9), the number of PCs is decided
according to CL. The parameter of kernel function is selected
by the accuracy of classification. As shown in Table V, in sim-
ple fault diagnosis, the average testing time when using linear
kernel is shorter than using Gaussian kernel (σ = 0.5), and the
average diagnostic accuracy is 100% in both kernel functions.
It is shown that linear kernel function is a little better for simple
fault diagnosis in testing time. But in the analysis of diagnosis
accuracy of more complicated fault, Gaussian kernel function
is much better than linear kernel. Therefore, Gaussian kernel
function is selected.

Fig. 12 shows the diagnosis accuracy changing along with
mRVM kernel parameter for different test sample groups (5, 10,
and 20 groups). Gaussian kernel function is used in mRVM and
the range of used parameters is (0, 1). As shown in Fig. 12,
with the increase of kernel parameters, fault diagnosis accuracy
is 100%. Therefore, mRVM kernel parameter of fault diagnosis
model is initialized to 0.5.

C. Comparison and Analysis

The relevant vectors variation of the PCA-mRVM strategy
during training process is shown in Fig. 13. In the process of
iterative learning, most of the parameters of the posterior dis-
tribution tends to zero and has nothing to do with forecast. The
nonzero parameter corresponding point is called the relevance
vector that reflects the characteristics of the training data. After
300 iterations, the relevant vectors are obviously reduced. This
means that the data sparsity is reduced with the increase of itera-
tion steps by the mRVM approach. Hence, the proposed strategy
could achieve higher model sparsity and shorter diagnosis time.

As expected, PCA conveys lower dimensional input space,
which greatly reduced the time of the model training. More-
over, the noise reduction could improve the mapping perfor-
mance, which leads to the improvement of total classification
performance. As shown in Table VI, the PCA-BP has the longest
testing time, and its diagnostic accuracy is the lowest of these
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Fig. 13. Relevant vectors during training process.

TABLE VI
EXPERIMENTAL RESULTS OF FAULT DIAGNOSIS BASED

ON DIFFERENT METHODS.

Average testing time (s) Average diagnosis accuracy (%)

Testing samples
(groups)

PCA
-BP

PCA-
SVM

PCA-
mRVM

PCA-
BP

PCA-
SVM

PCA-
mRVM

5 0.076 0.068 0.047 85.63 100 100
10 0.103 0.071 0.052 86.21 97.2 100
20 0.122 0.083 0.056 78.31 96.5 100

Fig. 14. Probabilistic outputs of PCA-mRVM model.

approaches. Although PCA-SVM has a similar average diagnos-
tic accuracy rate compared with the PCA-mRVM strategy, the
latter could achieve higher model sparsity and could overcome
the problem of binary class constraint.

Furthermore, PCA-mRVM can provide probabilistic outputs
for each membership class instead of hard binary decisions
given by PCA-SVM. This feature should be very useful in fur-
ther study of failure characteristics and fault-tolerant control,
which would give the detail of fault information and provide the
damage probability of each device. The probabilistic outputs of
the PCA-mRVM strategy has been illustrated in Fig. 14. Accord-
ing to the multinomial probit link la = i if yai > yaj ∀j �= i,
the maximum value of each column means which category it
belongs to. The probabilistic outputs have a good theoretical
guidance and practical significance for further research of fault
diagnosis. For example, from the last column of Fig. 14, the

value of Q(9, 6)is lower than Q(9, 9), while it is higher than
other rows. Thus, we can assume that there are some relation-
ships between the two rows. Since we know that the Q(9, 6)
refers to the probability of H2S1 OC fault, and the Q(9, 9) refers
to the probability of H2S4 OC fault. Actually, the fault signature
of H2S1 is more similar with H2S4 than the others. Compared
with PCA-SVM, PCA-mRVM cannot only reduce the running
time but also achieves the probabilistic outputs of each fault.
The experimental results have achieved the expected goals and
verified the correctness and effectiveness of the PCA-mRVM
strategy.

V. SIMULATION RESULTS FOR COMBINED FAULTS

To verify the effectiveness and the diagnosis performance of
the proposed strategy, all combined faults are tested on the model
of a single-phase five-level cascaded H-bridge inverter. Simula-
tion results indicate that the modified fault diagnosis method not
only has a good performance in the single fault classification,
but has also good performance in complicated faults. To test the
fault diagnosis performance of the PCA-mRVM strategy, a 10%
white Gaussian noise was added to the simulation samples. The
related simulation parameters are as follows: the modulation
index ma is set as 0.8 out of 1.0, the sampling frequency f is
40 kHz and the size of samples is 800. The driven signals are
the same as the experiment. The sampled output voltage signals
harmonics are computed using the FFT. As discussed earlier, it
is difficult to distinguish the complicated faults by means of the
output voltage of the system. Hence, three voltage sensors have
been used in order to retrieve the inverter output voltage and the
output voltage of each bridge. As described in Section II, there
are 33 classes of faults in the simulation samples.

A. Parameters Setting

In this section, complicated faults are classified based on dif-
ferent methods using simulation data. There are 60 groups of
samples after FFT transformation. Each group has 33 classes of
faults. The training samples category labels will be set by prior
knowledge and the original data samples could be achieved
after FFT computation. The previous paragraph has introduced
the processes of generating simulation samples. The train-
ing samples are 40 groups of samples [Ttrain , ltrain ]1320 × 1200 ,
which are selected from the original simulation samples of 60
groups. The testing samples are selected from the remaining
20 groups as follows: 5 groups[Ttest , ltest ]165 × 1200 , 10 groups
[Ttest , ltest ]330 × 1200 , and 20 groups [Ttest , ltest ]660 × 1200 . It is
known that the original samples consist of three parts, and each
part has 400 features extracted using FFT. The proposed ap-
proach for data preprocessing in this section is the same as the
previous experimental validation. After training 50 times, the
parameters configuration are given in Table VII .

As shown in Table VIII, in simple fault diagnosis, the aver-
age testing time using linear kernel is shorter than the one when
using Gaussian kernel in parameter (σ = 0.5). However, the av-
erage diagnosis accuracy of Gaussian kernel is around 96% in
comparison to the linear kernel one that is 59%. It is, therefore,
shown that the average diagnostic accuracy of Gaussian kernel



7016 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 30, NO. 12, DECEMBER 2015

TABLE VII
PARAMETER CONFIGURATION OF DIFFERENT METHODS

TABLE VIII
COMPARISON OF GAUSSIAN KERNEL AND LINEAR KERNEL

Average testing time (s) Average diagnosis accuracy (%)

Testing
samples
(groups)

Gaussian kernel
σ = 0.5

Linear kernel Gaussian
kernel

σ = 0.5

Linear kernel

5 0.24185692 0.240744696 97.30 59.39
10 0.217535992 0.208692854 98.11 56.67
20 0.19784493 0.185974124 97.97 54.85

Fig. 15. Diagnostic accuracy of complicated faults with the changing of
mRVM kernel parameter.

function is much better than the linear kernel one for compli-
cated faults diagnosis. Therefore, Gaussian kernel function is
adopted for the proposed PCA-mRVM strategy.

Fig. 15 shows the diagnosis accuracy versus the mRVM ker-
nel parameter for different test sample groups (5, 10, and 20
groups). The Gaussian kernel function is used in the mRVM,
kernel parameters is (0, 1) allowing easiest data processing.
With the increase of kernel parameters, the fault diagnosis ac-
curacy changes from 0.9650 to 0.9811. As the parameters of
the Gaussian kernel function is selected within a certain range,
the mRVM kernel parameters of the fault diagnosis model is
initialized to 0.5, which make the accuracy of 5 and 10 groups

Fig. 16. Relevant vectors during training process.

TABLE IX
SIMULATION RESULTS OF CIRCUIT FAULT DIAGNOSIS BASED ON SEVERAL

METHODS

The average testing time (s) The average diagnosis accuracy
(%)

Testing samples
(groups)

PCA
-BP

PCA-
SVM

PCA-
mRVM

PCA
-BP

PCA-
SVM

PCA-
mRVM

5 1.342 0.133 0.120 81.32 98.66 97.30
10 1.571 0.139 0.131 80.54 93.25 98.11
20 1.588. 0.145 0.137 78.11 92.78 97.97

to be the highest, and the accuracy of the 20 groups to have
better performance.

B. Comparison and Analysis

The average fault diagnosis results of these approaches are
shown in Table VII. The relevant vectors variation of the PCA-
mRVM strategy during the training process is shown in Fig. 16.
After 100 iterations, relevant vectors are obviously reduced dur-
ing the training process. This means that data sparsity is reduced
with the increase of iteration steps by the mRVM approach.
Hence, the proposed strategy could achieve higher model spar-
sity and shorter diagnosis time.

As it can be seen from Table IX, the PCA-mRVM fault di-
agnosis strategy has achieved the best diagnosis performance.
Due to its shortest testing time, the PCA-mRVM could achieve
highest model sparsity without the constraint of having a binary
class problem. In addition of that, it could provide probabilistic
outputs for class membership instead of the hard binary deci-
sions given by the SVMs. The PCA-mRVM strategy not only
reaches the highest accuracy rate which is almost 100%, but
its computing time is the shortest among these approaches. The
simulation results have achieved the expected goals. These re-
sults have verified the correctness and the effectiveness of the
PCA-mRVM based strategy.
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VI. CONCLUSION

This paper dealt with cascaded H-bridge multilevel inverter
systems fault diagnosis. In this context, a fault diagnosis strat-
egy based on a PCA-mRVM has been proposed. The proposed
approach has been evaluated and validated on experimental data
issued from a CHMLIS controlled using a dSPACE1104 real-
time system. Based on the knowledge of the inverter behaviors,
its output voltage signals have been selected as fault characteris-
tic ones for the fault diagnosis strategy. The main objectives for
this strategy are as follows: 1) some distinct features are iden-
tified by signal preprocessing based on FFT; 2) fault diagnosis
efficiency is increased by dimension reduction based on PCA;
3) diagnosis accuracy is improved by mRVM, which outputs the
results of classification in the form of binary codes. Compared
with PCA-BP and PCA-SVM, the achieved results obviously
prove the proposed PCA-mRVM fault diagnosis strategy supe-
riority over traditional approaches. Simulation and experimental
results have shown that this strategy could not only reduce the
running time but also achieves probabilistic outputs of each fault.
It has a good theoretical guidance and practical significance for
further investigations on fault diagnosis.
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