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Abstract. In this paper, the diagnosis and location issue of open-circuit faults in

neutral-point-clamped three-level inverters is analyzed. A hybrid method based on model-

based and data-driven fault diagnosis is proposed for the insulated gate bipolar transistors

open-circuit faults. First, the three-phase current residual is attained by subtracting the

true value of the three-phase current generated by the inverter with the estimated three-

phase current generated by the state estimator. Second, the Park’s vector modulus and

wavelet transformation algorithms are utilized for normalization of three-phase current

residuals and feature analysis. Then, the 11 fault features of current residuals are ex-

tracted and the datasets of fault feature are established. Finally, the fault feature samples

are utilized to train the random forest model to achieve state classification. The proposed

method can improve the diagnostic accuracy compared with traditional fault diagnosis

methods. The effectiveness and the robustness of this method under various conditions

are validated by experimental results.

Keywords: Neutral-point-clamped three-level inverter, Hybrid faults diagnosis, Model-
based method, Data-driven method, Random forest

1. Introduction. As the increasing consumption of conventional energy sources such as
oil and coal, new energy technology has become a research hotspot [1]. Coupled with the
global recognizes the importance of reducing energy consumption. The new energy grid
connection represented by photovoltaic power generation needs to be realized by inverters
[2]. Due to the important role that inverters play in the area of new energy, the demand for
high-power inverters is increasing [3]. Neutral-point-clamped (NPC) three-level inverters
are widely applied by virtue of merits of flexible control, high voltage resistance, lower
harmonic distortion, and output current waveform tending towards sine wave [4]. The
NPC three-level inverter has more power switches in contrast with traditional two-level
inverters, resulting in more intricate circuits and diminished stability [5]. The insulated
gate bipolar transistors (IGBTs) are operated as power switches in inverters, working
under the high operating frequency for a long time. Among all faults of the inverter, the
probability of IGBT failures is extremely high [6].

DOI: 10.24507/ijicic.21.02.389

389



390 W. YANG, C. ZHANG, D. XU AND Y. YE

The primary IGBT faults in three-level inverters are open-circuit and short-circuit fau-
lts. In the case of short-circuit faults, the three-phase current experiences an instantaneous
surge, and the power supply is immediately disconnected by the protection circuit in the
system with the intention of protecting the entire system. On the contrary, open-circuit
faults lead to distortion in load current and abnormal operation of switching devices,
resulting in reduced performance of the inverter system. If not addressed promptly, it can
lead to secondary failures in other devices, thereby impacting overall system functionality.
Therefore, this paper focuses on the study of open-circuit faults in inverters.
Since the significant losses caused by open-circuit faults, numerous experts and scholars

have dedicated efforts towards researching on inverter open-circuit fault diagnosis. Many
open-circuit fault diagnosis methods have been suggested, which are broadly categorized
into three types: model-based, signal-based and data-driven methods.
Model-based fault diagnosis methods require accurate system models that can effec-

tively utilize system information to provide reliable diagnostic results. However, it heavily
relies on system model and parameters precision [7]. In Huang et al. [8], a fault diagno-
sis method of permanent magnet synchronous motor (PMSM) is proposed, which takes
the change of normalized cost function as the fault diagnosis indicator to realize fault
identification and location. In Huang et al. [9], this paper combines the advantages of
model predictive control (MPC) and mixed logical dynamic model (MLDM) to diagnose
the PMSM open-circuit fault. In Liu et al. [10], a fault estimation control method based
on hierarchical structure is proposed, and the state of the system is estimated by combin-
ing observers in a decentralized manner. In Huang et al. [11], the fault diagnosis method
of inverters in complex condition is realized by using the evaluation variable and posi-
tion information of reversed trend comprehensive assessment-based algorithm. In Yong et
al. [12], the online fault diagnosis algorithm based on the characteristic phase and ampli-
tude of the current residual for the voltage-source inverters are proposed. However, the
threshold value setting requires adjustment as the load changes, which is difficult to set as
a constant and has limited applicability. Thus, the accuracy of fault diagnosis algorithms
is hard to ensure.
Signal-based fault diagnosis methods require prior knowledge of the system for fault

diagnosis, which is less reliant on models [13]. However, complete prior knowledge is
necessary to ensure accurate diagnosis, as noise and other factors can easily affect its
results. In Huang et al. [14], the virtual mirrors are constructed with fault information
from different angles and the feature data is processed by cross comparison processing.
The inverter fault diagnosis is realized by using the joint decision method. In Tang et
al. [15], the random forest (RF) algorithm is used to scale and optimize the current signal
which are extracted under different fault modes.
Data-driven fault diagnosis method exhibits excellent capabilities in data processing,

portability, and multiple fault handling capabilities, while being independent of models
and prior knowledge. However, it necessitates a lot of historical data for training, resulting
in high computational costs and lengthy execution times [7]. In Sonawane and Patil [16],
feature extraction from three-phase current, voltage, torque, and speed is carried out by
track and hunt meta heuristic, and the deep neural network (DNN) is used to identify
and locate faults. In Yao et al. [17], the parameters of the extreme learning machine
(ELM) fault diagnosis model are optimized using whale optimization algorithm (WOA)
to identify and locate faults. In Wang et al. [18], the fault diagnosis method based on
extended deep belief network (EDBN) is proposed to get the most out of the valuable
information in the raw data and its good fault classification performance is verified by
experiments.
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In order to enhance excellent diagnosis performance, researchers have proposed schemes
that integrate various fault diagnostic technologies. In Sánchez et al. [19], a hybrid method
based on model and data processing is applied to fault diagnosis in NPC inverters. In Xia
et al. [20], a hybrid fault diagnosis algorithm based on model and data-driven method is
proposed. The data-driven prediction model is generated using ELM. Signal prediction
and residual generation diagnostic methods were proposed based on the model. In Wang
et al. [21], an adaptive disturbance suppression based fault-tolerant control method is
proposed, which combines real-time model identification and nonlinear dynamic inversion,
and uses adaptive disturbance suppression controller to realize fault-tolerant control. In
Kou et al. [22], a combination of data-driven and signal-based methods is implemented for
fault diagnosis. Concordia transform is used to extract features, followed by construction
of an RF classifier for online fault diagnosis. Therefore, this paper proposed a hybrid fault
diagnosis method for the NPC inverter. By adopting both advantages of model-based and
data-driven methods, the proposed hybrid fault diagnosis method has good adaptability
as well as higher diagnostic accuracy and robustness. The diagnostic accuracy rates of
simulation and StarSim HIL experiments are 98.5% and 99.6%, respectively. The main
contributions of this study are discussed next.

1) The three-phase current residual is utilized as the original dataset, and its features are
employed to train the data-driven model. Compared to model-based methods, it avoids
the manual adjustment of the residual threshold under different loads and improves the
universality of the diagnosis method.

2) Sample data is pre-processed using wavelet transformation (WT) and Park’s vector
modulus (PVM) normalization algorithm. The statistical characteristics of three-phase
current residual signals are extracted to enhance distinctiveness of data features.

3) The random forest is trained using the fault feature extracted from residual currents.
Compared to traditional data-driven methods, this method offers higher accuracy with
less data, improved diagnostic accuracy, as well as anti-interference and robustness.

The structure of the article is as follows. The current fault characteristics of the NPC
three-level inverter are presented in Section 2. The hybrid fault diagnosis method is de-
scribed in Section 3. The hybrid fault diagnosis algorithm is verified through simulation
and experiment in Section 4 and Section 5. The conclusions are given in Section 6.

2. Basic Theory.

2.1. Working principle of the NPC three-level inverter. The topology of the NPC
three-level inverter is detailed in Figure 1. C1 and C2 are the two equivalent capacitors on
the DC side, which have the functions of buffering energy and dividing voltage. The NPC
three-level inverter consists of phase-A, phase-B and phase-C bridge legs. Each bridge leg
includes four IGBTs (Sx1-Sx4), four freewheeling diodes (Dx1-Dx4), two clamping diodes
(Dx5-Dx6), where x = a, b, c represents phase-A, phase-B and phase-C bridge legs. Two
clamping diodes provide a path for the current in the O state of the inverter circuit, which
are used to clamp the DC side voltage. The three-phase load current is represented by
iA, iB and iC . The load is resistance and inductance.

The NPC three-level inverter has three work modes (P,O,N). Because the three-level
inverter circuit has the characteristics of three-phase symmetrical distribution, the phase-
A bridge leg is analyzed as an example. Figure 2 shows current flow paths according
to work modes, where the solid line represents the current flowing from the DC side to
the load side, defined as i+A, and the dashed line represents the current flowing from the
load side to the DC side, defined as i−A. If the inverter works in P status, when the current
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Figure 1. Topology of the NPC three-level inverter

(a) (b) (c)

Figure 2. Current flow paths according to work modes: (a) P status; (b)
O status; (c) N status

is positive, the current flows to the load side through Sa1 and Sa2; when the current is
negative, the current flows to the DC side through Da1 and Da2.

2.2. Fault features analysis of the NPC three-level inverter. When the inverter
works normally, the three-phase current signals are sinewave, and each phase differs by
120◦. The single-tube open fault of phase-A bridge leg is analyzed as an example. Figure
3 shows signals of three-phase current at phase-A single-tube fault conditions. When Sa1

open fault occurs, the positive half-period amplitude of the phase-A current decreases
to half of its normal value, while the negative half-period remains essentially unchanged.
When Sa2 open fault occurs, the positive half-period amplitude of the phase-A current
becomes zero, resulting in phase-A deficiency, while the negative half-period remains
basically unaffected. The current waveform features between Sa4 and Sa1 (Sa3 and Sa2)
are opposite to each other. It can be concluded that different positions of IGBTs exhibit
distinct current features when open faults occur.
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(a) (b)

(c) (d)

Figure 3. Signals of three-phase current at single-tube open fault of phase-
A bridge leg conditions: (a) Sa1 open fault; (b) Sa2 open fault; (c) Sa3 open
fault; (d) Sa4 open fault

3. Fault Diagnosis Algorithm Based on a Hybrid Model-Based and Data-
Driven Method.

3.1. Modeling of the NPC three-level inverter. According to the inverter topology,
the three-phase voltage equation can be obtained as follows:



































UAN = RiA + L
diA
dt

UBN = RiB + L
diB
dt

UCN = RiC + L
diC
dt

(1)

where R is resistance, L is inductance, UAN , UBN , UCN is three-phase phase voltage and
iA, iB, iC is three-phase phase current. When the inverter works normally, there is

UAN + UBN + UCN = 0 (2)

As per Kirchhoff’s law, the following results are obtained:










UAN = UAO + UON

UBN = UBO + UON

UCN = UCO + UON

(3)

where UAO, UBO, UCO is three-phase terminal voltage, UON is the voltage between DC
neutral point O and load neutral point.

Combining (2) and (3), the following result is as follows:

UON = −1

3
(UAO + UBO + UCO) (4)
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Combining (4) and (3), the relationship between terminal voltage and phase voltage is
obtained:


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Combining (1) to (5), there are
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The phase-B bridge leg is as an example to analyze the relationship between various
variables in the normal operation of the inverter (Sbi = 1 when Sbi is ON and Sbi = 0 when
Sbi is OFF, i = 1, 2, 3, 4), and the expression of terminal voltage UBO can be obtained
as follows:

UBO =
1

2
Udc

(

Sb1Sb2Sb3Sb4 − Sb1Sb2Sb3Sb4

)

(7)

Then, there are


































UAO =
1

2
Udc

(

Sa1Sa2Sa3Sa4 − Sa1Sa2Sa3Sa4

)

UBO =
1

2
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)

UCO =
1

2
Udc

(

Sc1Sc2Sc3Sc4 − Sc1Sc2Sc3Sc4

)

(8)

According to λm =
(

Sm1Sm2Sm3Sm4 − Sm1Sm2Sm3Sm4

)

(m = A,B,C) and combining
(5), the following results are as follows:
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Combining (6) and (9), the state space model vector expression of the NPC three-level
inverter can be obtained:

ẋ = Ax+Bλ (10)

where x = [iA iB iC ]
T ; λ = [λA λB λC ]

T ; A = diag(−R/L,−R/L,−R/L); B =
Udc/6L[2,−1,−1;−1, 2,−1;−1,−1, 2].
When the inverter has a single-tube open fault, the Sb1 open fault of phase-B bridge

leg is analyzed as an example. The expression of U
′

BO can be obtained as follows:

U ′

BO =
1

2
Udc

(

δbSb1Sb2Sb3Sb4 − Sb1Sb2Sb3Sb4

)

(11)

where δb means the polarities of phase-B current (δb = 1 when iB > 0 and δb = 0 when
iB < 0). According to λ

′

B =
(

δbSb1Sb2Sb3Sb4 − Sb1Sb2Sb3Sb4

)

, the following results are as
follows:

U
′

BO =
1

2
Udcλ

′

B (12)
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Combining (5), there are
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When an open fault occurs in the NPC three-level inverter, compared with the normal
condition, its operating state is deviated, and different IGBTs open faults have different
deviations. Therefore, the state estimator of inverter system in the normal situation is
constructed. The three-phase current residual is attained through subtracting the true
value of the three-phase current generated by the inverter with the estimated three-phase
current generated by the state estimator.

The designed state estimator under normal condition is

˙̂x = Ax̂+Bλ (14)

The residual current equation is

∆ẋ = A∆x+B
(

λ
′ − λ

)

= A∆x+B∆λ (15)

When the IGBT works normally, the estimated value of the state estimator equals the
actual current value (∆x = 0,∆λ = 0) and the current residual is 0. The Sb1 open fault of
phase-B bridge leg is analyzed as an example, Sb1 = 0, the current residual state equation
of the inverter is as follows:
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Among ∆λB =
(

δbSb1Sb2Sb3Sb4 − Sb1Sb2Sb3Sb4

)

and assuming the initial value of the
current residual is 0, there are
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(17)

According to (17), when the Sb1 of phase-B bridge leg is open faulty, the current residual
of phase-B is ∆iB ≤ 0, the current residual of phase-A and phase-C is ∆iA = ∆iC ≥ 0.
The current residual of phase-B is twice as large as the current residual of phase-A and
phase-C, and the relationship between three-phase is

∆iB = −2∆iA = −2∆iC ≤ 0 (18)

The current residual information for single-tube open fault of phase-B bridge leg is
listed in Table 1. In this paper, the signals of the current residual are utilized as the
data-driven raw data.

3.2. Data preprocessing and feature extraction. During the normal operation, the
signals of three-phase load current are given as











iA = Im sinwt

iB = Im sin(wt− 2/3π)

iC = Im sin(wt+ 2/3π)

(19)
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where Im is the current maximum amplitude, iA, iB, iC are the instantaneous values of
the current in phase-A, phase-B, and phase-C, and w is the current frequency. The load is
made independent by three-phase current normalization, and the transient caused by load
changes is suppressed with PVM. First, the three-phase current (iA, iB, iC) is transformed
into two-phase current (id, iq):

[

id
iq

]

=

√

2

3









1 −1

2
−1

2

0

√
3

2
−
√
3

2













iA
iB
iC



 (20)

Table 1. The current residual information for single-tube open fault of
phase-B bridge leg

State Fault IGBT The current residual relationship

Normal − ∆iA = ∆iB = ∆iC = 0

Signal-tube open fault

Sb1 ∆iB = −2∆iA = −2∆iC ≤ 0

Sb2 ∆iB = −2∆iA = −2∆iC ≤ 0

Sb3 ∆iB = −2∆iA = −2∆iC ≥ 0

Sb4 ∆iB = −2∆iA = −2∆iC ≥ 0

The PVM calculation formula is
∣

∣ipark
∣

∣ =
√

id
2 + iq

2 (21)

The normalized three-phase current is as follows [23]:

ikpark =
iT

∣

∣ipark
∣

∣

(22)

where T = A, B or C and ikpark is the normalized three-phase current.
In signal fault data processing, WT is a common time-frequency analysis method, which

can well display the overall state of the signal, observe the details of the signal and charac-
terize its local characteristics [24]. In this paper, WT is used to decompose the signals of
the three-phase current residual and PVM is used to normalize it, thus completing the sig-
nals of the three-phase current residual processing. The 11 faulty features of three-phase
current residual signals in Table 2 [25] are computed for the normalized signals.
By simulating the single-tube open faults, the current residual sample dataset contain-

ing the normal state and 12 types of single-tube open fault is obtained. In addition, each
phase of the current residual signal can extract 11 faulty features, with a total of three
phases. Therefore, each group of samples has 33 faulty features. Thus, the faulty feature
dataset based on three-phase current residual signals is established.

3.3. Random forest. RF is used to diagnose the open fault of the NPC inverter [26]. RF
has good predictive classification ability and is easy to implement. As a flexible machine
learning algorithm, RF is widely used in the field of fault classification [27]. Multiple
decision trees are established through random sampling with playback, and the final
classification result is determined by the maximum voting in the sample leaf nodes of the
decision tree [28].
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Table 2. The faulty features of three-phase current residual signals

Number Feature Expression

1 Max value X1 = max(x(i))

2 Min value X2 = min(x(i))

3 Range X3 = max(|x(i)|)−min(|x(i)|)

4 Mean value X4 =

(

1

n

) n
∑

i=1

x(i)

5 Standard deviation X5 =

√

∑n

i=1 (x(i)−X4)
2

(n− 1)

6 Kurtosis X6 =

∑n

i=1 (x(i)−X4)
4

(

(n− 1)X5
4
) − 3

7 Skewness X7 =

∑n

i=1 (x(i)−X4)
3

(

(n− 1)X5
3
)

8 Crest factor X8 =
max(|x(i)|)

√

(1/n)
∑n

i=1 x(i)
2

9 Impulse factor X9 =
max(|x(i)|)

√

(1/n)
∑n

i=1 |x(i)|

10 Shape factor X10 =

√

(1/n)
∑n

i=1 x(i)
2

(1/n)
∑n

i=1 |x(i)|

11 Latitude factor X11 =
max(|x(i)|)

((1/n)
∑n

i=1 |x(i)|)

3.4. Hybrid fault diagnosis model framework. The framework of the hybrid model
fault diagnosis includes current residual generation, data preprocessing, feature extraction
and fault identification to diagnose inverter open-circuit faults. The four steps are as
follows.

Step 1. Current Residual Generation. Subtracting the true value of the three-phase
current generated by the inverter with the estimated three-phase current generated by
the state estimator is used to obtain the current residuals.

Step 2. Data Preprocessing. WT is used to decompose the signals of the three-phase
current residual and PVM is used to normalize it.

Step 3. Feature Extraction. Combined with the signals of three-phase current residual
fault characteristics table, the 11 faulty features are calculated.

Step 4. Fault Identification. The datasets of faulty feature are segmented into training
set and testing set, and fault diagnosis model based on RF is constructed to realize fault
identification and location.

4. Simulation Results.

4.1. Simulation setup. In an effort to verify the effectiveness of the proposed method,
the simulation is carried out in the environment of MATLAB/Simulink. The NPC three-
level inverter is controlled by Space Vector Pulse Width Modulation (SVPWM). The
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single-tube open faults are studied in the paper. There are 13 kinds of inverter (normal
state and open faults of Sa1-Sa4, Sb1-Sb4, Sc1-Sc4). Different combinations of resistors and
inductors were selected to simulate load changes, and there were 5 groups of loads: 1) R
= 5.0 Ω, L = 12 mH; 2) R = 5.0 Ω, L = 13 mH; 3) R = 5.0 Ω, L = 14 mH; 4) R = 5.0 Ω,
L = 20 mH; 5) R = 5.0 Ω, L = 30 mH. In each group of loads, take one electrical period
as a group and extract 10 groups of current residual signals. There were 650 (5×13×10)
groups of current residual signals to construct dataset Case A.

4.2. Results and discussion. For load of R = 5.0 Ω and L = 12 mH, the NPC three-level
inverter works normally. Figure 4 shows the real value and estimated value of the three-
phase current at normal state. Figure 4(c) shows that the three-phase current residual is
zero.

(a) (b)

(c)

Figure 4. Normal state: (a) The real value of the three-phase current; (b)
the estimated value of the three-phase current; (c) the three-phase current
residual

The four IGBTs of phase-B bridge leg are set to have open faults. The three-phase
current residuals of Sb1, Sb2, Sb3, Sb4 open fault of phase-B bridge leg are shown Figure 5,
which meets the current residual information table of the above analysis.
The 33 (3 × 11) features of each sample are taken as the input vector. In the dataset

Case A, 450 groups of samples were randomly selected as the training set, and 200 groups
of samples were selected as the testing set.
The number of decision trees in the RF model affects the accuracy of fault diagnosis

and training time. If decision trees are too small, the accuracy is affected. If decision
trees increase too much, the training time also increases. Training time and diagnostic
accuracy for different numbers of decision trees in Case A are shown in Figure 6. The
training time increases with the number. As the number gradually increases from 50 to
200, the accuracy rate increases accordingly, and at 200, the diagnostic accuracy reaches
98.5%. As the number gradually increases from 300 to 500, the accuracy declines. To sum
up, the best number of decision trees in the RF model is 200.
The confusion matrix of results on datasets of Case A is shown in Figure 7. The row

represents the actual state, and the column represents the predicted state. In the confusion
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(a) (b)

(c) (d)

Figure 5. Single-tube open fault of phase-B bridge leg: (a) The three-
phase current residual of Sb1 open fault; (b) the three-phase current residual
of Sb2 open fault; (c) the three-phase current residual of Sb3 open fault; (d)
the three-phase current residual of Sb4 open fault

Figure 6. Training time and diagnostic accuracy for different numbers of
decision trees in Case A

matrix, diagonal elements stand for the number of samples that the model correctly
classifies for each state, while off-diagonal elements stand for incorrectly classified samples.
The results show that the accuracy of normal state, four IGBTs in phase-A, Sb3, Sb4, Sc1,
Sc2 and Sc3 is 100%. The accuracy of Sb1 is the lowest, 91.7%, which is misclassified as
Sb2. The overall accuracy of Case A is 98.5%.

4.3. Comparison of fault diagnosis methods under different noise conditions.
In an effort to prove the practicability of the hybrid fault diagnosis method, different
Gaussian white noises are added to the original signal. Noise interference with SNR of 20
dB, 10 dB and 1 dB is injected into the testing sample data. In an effort to prove the
superiority of the proposed method, it is in comparison with traditional machine learning
methods (ELM and SVM). At the same time, compared with the data-driven method,
the three-phase current is utilized as the original signal for fault diagnosis. Three-phase
current-WT-RF, three-phase current residual-RF, three-phase current residual-WT-ELM,
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Figure 7. Confusion matrix of results on datasets of Case A

Table 3. Accuracy of fault identification under noise conditions in Case A

Original dataset
Feature

extraction
Diagnosis
method

Accuracy rate
Normal SNR = 20 dB SNR = 10 dB SNR = 1 dB

The current residual / RF 97% 96.5% 95% 93%
The current

WT

RF 98% 97.5% 94% 90.5%

The current residual
ELM 95% 93% 92% 89.5%
SVM 97.5% 94% 93.5% 92.5%
RF 98.5%98.5%98.5% 98%98%98% 96.5%96.5%96.5% 94%94%94%

three-phase current residual-WT-SVM and three-phase current residual-WT-RF are com-
pared under three SNR conditions, and the accuracy of fault identification is shown in
Table 3. The noise has a great influence on diagnostic accuracy, and the comparison experi-
ment under the three noise conditions shows that the hybrid method based on model-based
and data-driven fault diagnosis has the highest accuracy and good robustness.

5. Hardware in the Loop Experiment.

5.1. Experiment platform introduction. To further prove the effectiveness of the
hybrid fault diagnosis method, StarSim MT3200 test platform is used to conduct real-
time simulation experiments. Figure 8 shows the experimental platform, which includes
host computer, oscilloscope, interface box, StarSim MT3200 and dSPACE1202. The NPC
three-level inverter circuit is constructed by a real-time hardware in-the-loop system.
The control algorithm model is completed by dSPACE1202. The real-time simulator and
controller are connected through actual physical I/O, which transmit signals.

5.2. Experiment setup. The normal state and 12 kinds of single-tube open-circuit fault
state are studied using the experimental platform. The three-phase current residual signals
could be obtained by experiments of hardware circuits with different loads. Four different
loads were used for the experiment: 1) R = 5.0 Ω, L = 12 mH; 2) R = 5.0 Ω, L = 20
mH; 3) R = 5.5 Ω, L = 12 mH; 4) R = 5.5 Ω, L = 20 mH. In each group of loads, take
one electrical period as a group and extract 20 groups of current residual signals. A total
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Figure 8. Experimental platform based on StarSim HIL

(a) (b)

(c) (d)

Figure 9. The three-phase current waveform at single-tube open fault of
phase-A bridge leg conditions: (a) Sa1 open fault; (b) Sa2 open fault; (c)
Sa3 open fault; (d) Sa4 open fault

of 1040 (52 × 20) three-phase current residual signals were utilized to construct dataset
Case B.

5.3. Results and discussion. For load of R = 5.5 Ω and L = 12 mH, the single-tube
open fault of phase-A bridge leg conditions are taken as examples. The three-phase current
waveform is shown in Figure 9.

In the dataset Case B, 740 groups of samples were randomly selected as the training
set, and 300 groups of samples were selected as the testing set.

Training time and diagnostic accuracy for different numbers of decision trees in Case B
are shown in Figure 10. If the number is too small, the diagnostic accuracy is influenced
due to the underfitting. If the number is too large which leads to the overfitting problem,
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Figure 10. Training time and diagnostic accuracy for different numbers
of decision trees in Case B

Figure 11. Confusion matrix of results on datasets of Case B

the diagnostic accuracy decreases. The diagnostic accuracy is positively correlated with
the number of decision trees between 10 and 200, and at 200, the diagnostic accuracy
reaches the maximum of 99.6%. When the number exceeds 250, the diagnostic accuracy
does not increase. In the experiment, the best number of decision trees is 200.
Figure 11 shows the confusion matrix of results on datasets of Case B. The results show

that the accuracy of normal state, four IGBTs in phase-A, Sb1, Sb2, Sb4 and four IGBTs in
phase-C is 100%. The accuracy of Sb3 is the worst, 95.8%, and all of them are misclassified
as Sb4. The normal state has 100% accuracy and no other fault states are misclassified as
normal state, which indicates that the proposed method can precisely distinguish whether
there is any failure occurring in Case B. The overall accuracy of Case B is 99.6%.
Table 4 shows the diagnostic accuracy under different noise conditions in Case B. As

can be seen from Table 4, under the same conditions of feature extraction method, by
comparing the source of the original dataset, we find that the hybrid diagnosis method
has higher accuracy than the model-based method under normal and different noise con-
ditions. In the experiment of the StarSim HIL platform, the proposed method still has
the highest accuracy and good robustness.
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Table 4. Accuracy of fault identification under noise conditions in Case B

Original dataset
Feature

extraction
Diagnosis
method

Accuracy rate
Normal SNR = 20 dB SNR = 10 dB SNR = 1 dB

The current residual / RF 98.3% 97.6% 96.3% 93.3%
The current

WT

RF 99% 98.3% 97.3% 93.6%

The current residual
ELM 97.3% 95% 93.3% 92%
SVM 98.6% 97.3% 95.6% 93%
RF 99.6%99.6%99.6% 98.6%98.6%98.6% 98%98%98% 94.3%94.3%94.3%

6. Conclusions. In this paper, a hybrid model/data-driven method for the IGBTs open-
circuit fault diagnosis is proposed. The current residuals in different fault types at different
load conditions are collected as the original sample dataset. The three-phase current
residuals are decomposed by WT. Then, the 33 fault features of current residuals are
extracted which is normalized by PVM. Use data-driven method based on RF method
to train the failure diagnostic model. The diagnostic accuracy rates of simulation and
StarSim HIL experiments are 98.5% and 99.6%, respectively.

The results indicate that the proposed method has good diagnostic performance under
different noise conditions compared with other machine learning methods. Compared with
the model-based method, the proposed method can identify and locate IGBT faults under
different loads and has good adaptability. The proposed method has higher diagnostic
accuracy than the traditional data-driven method, and has good robustness. The main
research work in the future is to discover more fault features and improve the diagnostic
accuracy.
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