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Abstract—Of great significance is knowledge of failure modes
of IGBT modules under power cycling test (PCT) in advance.
It can not only precisely determine accurate utilization of
physics-of-failure lifetime prediction methods but also help
optimize IGBT designs. However, establishing an accurate and
generic offline failure mode classification method for different
IGBT modules remains a challenging problem due to the complex
degradation process of IGBT modules. In this article, a data-driven
convolutional neural network (CNN) based method is proposed for
quad-classification of failure modes for different IGBT modules
under different PCT conditions. First, in order to accurately
characterize the mapping between the failure modes and the
precursor parameters, a framework of precursor parameters is
meticulously established. Then, mainly using collected training
data from existing publications, the CNN classification model is de-
veloped by a newly dynamic tuning-multilevel particle swarm-back
propagation optimization algorithm. Finally, experimental PCTs of
various IGBT modules are performed. The obtained PCT data and
additional testing data from existing publications are used to verify
the generalizability and robustness of the proposed classification
method. The superiority of the proposed method is well demon-
strated through comparison with random CNN, the state-of-the-art
particle swarm optimization CNN, and other intelligent algorithms.

Index Terms—Convolutional neural network (CNN), data-
driven, failure mode, IGBTs, multilevel particle swarm (MPS).

I. INTRODUCTION

IGBTS have been widely used in aerospace, automotive,
railway transportation, wind plant, etc. [1]. Therefore, more

demanding requirements are imposed on IGBT module manu-
facturers that IGBT modules must have high reliability to ensure
safe and stable operation of power electronic systems.
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In order to ensure that the IGBT modules can reliably operate
in practical applications, it is necessary to evaluate reliability
of IGBT modules. An important part of reliability evaluation
of IGBT modules is to perform lifetime prediction under power
cycling tests (PCTs). The results of lifetime prediction can help
manufacturers better evaluate reliability of IGBT modules, and
also help manufacturers to optimize the structure and design
parameters of IGBT modules, so as to extend the service lifetime
of IGBT modules. The aging data generated from PCTs are
widely used for the development of empirical lifetime prediction
models [2], [3]. The empirical lifetime prediction models are
the most widely used method for lifetime prediction of IGBT
modules, including Coffin–Manson model, Coffin–Manson–
Arrhenius model, Bayerer model, etc. [4], [5]. However, there is
a serious issue for these models. Abuelnaga et al. [6] reported that
these lifetime prediction models are derived on the basis of one
key assumption that each failure mode is completely indepen-
dent. Hanif et al. [5] reported that due to different test protocols
and module types, the dominant failure modes, observed for
different IGBT modules, are different. Yang et al. [4], Pedersen
and Pedersen [7], and Lu and Christou [8] reported that the life-
time prediction model fitted from the historical data from PCTs
cannot be applied to different PCT conditions. If the failure mode
of the used lifetime prediction model disagrees with the failure
mode of the actual PCT condition, the lifetime prediction model
will produce abnormal results [9]. For these reasons, different
failure modes require different empirical lifetime prediction
models. For example, the empirical lifetime prediction model
derived from the solder fatigue data is inapplicable to predict
the IGBT lifetime resulted by bond wire failure. Therefore,
when manufacturers need to perform lifetime prediction under a
certain testing condition, they first need to estimate what failure
mode of IGBT modules will occur under this testing condition.
In this way, the application of the lifetime prediction model has a
high degree of credibility and applicability. However, until now,
there are little known mathematical models or physical models
that allow us to predict the failure modes of IGBT modules under
a given PCT condition.

It is very challenging to accurately predict the failure mode of
an IGBT module under a given PCT condition. Multiple contrib-
utors need to be considered, which will make the reliability eval-
uation task more difficult [10]. The work in [11], [12], and [13]
also mentioned that there exist several substantial competing
factors, for example, contributing to the degradation of the solder
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joints or bond wires. Absolute separation between the different
failure modes is difficult [14]. The existence of different failure
modes means that the coupling between the different failure
modes is very complex. That is, there is a particularly complex
mapping relationship between the precursor parameters and the
failure modes.

Machine learning is able to bridge a meaningful correlation
among the precursor parameters and failure modes under differ-
ent testing conditions [11]. And among many machine learning
algorithms, convolutional neural networks (CNNs) have demon-
strated high recognition performance for large-scale classifica-
tion tasks [15]. The work in [16] and [17] also mentioned that
classification and feature extraction have been the most impor-
tant applications of CNN. Not only that, CNN is one of the most
popular deep-learning-based fault classification methods [18].
For example, power quality event classification [17], bearing
fault diagnosis [19], IGBT open-circuit fault diagnosis [20],
various industrial process fault diagnosis [21], etc. However,
adopting CNN for package failure mode classification of IGBT
modules under PCTs remains unexplored. In order to fill this
gap, this article proposes a CNN-based failure mode classifica-
tion method to achieve accurate failure mode classification for
different IGBT modules.

Hyperparameter optimization is crucial for the performance
of CNN. The performance of CNN heavily depends on their
hyperparameters [18]. The default hyperparameters cannot guar-
antee the final performance of CNN [22], which makes the
hyperparameter tuning process very essential for the application
of CNN on failure mode classification. Particle swarm optimiza-
tion (PSO) is the most preferred choice in solving optimization
problems because it has fewer parameters, simpler formulation,
and is easier for computation [23]. However, the different failure
modes and the precursor parameters have the complex and
tight coupling. This makes it difficult for the standard PSO to
obtain the optimal CNN hyperparameters. An improved PSO is
required.

In this regard, some scholars have studied the optimization of
hyperparameters under pregiven the overall architecture of the
CNN [24], [25]. The overall architecture refers to the number of
convolution layers, pooling layers, and fully connected (FC) lay-
ers. The disadvantage of this approach is that the overall architec-
ture of the CNN needs to be manually pregiven, which strongly
relies on one’s understanding of the empirical knowledge on
CNN. If the given overall architecture is unreasonable, it will be
difficult to obtain a well-performing CNN classification model in
the end. Other scholars generate entirely new CNN from scratch
[23], [26]. Their goal is to optimize the hyperparameters in a
broad sense, such as the number of layers, the learning rate, etc.
The advantage of this approach is that it requires less manual
effort and is able to automatically perform CNN architecture
search and hyperparameters optimization.

Therefore, in this article, an offline data-driven CNN-based
classification model that has both optimal architecture and hy-
perparameters is developed. The rest of this article is orga-
nized as follows. In Section II, detailed preparation work of
training data is presented. Section III described the implemen-
tation steps of the CNN hyperparameter optimization method
and the associated optimization results. In Section IV, PCTs

were implemented and corresponding results are shown. The
generalizability and robustness of the proposed classification
model will be verified by these data. The superiority of the
proposed classification method will be demonstrated through
the comparison with random CNN and the state-of-the-art PSO-
CNN. Finally, Section V concludes this article.

II. OFFLINE DATA-DRIVEN CLASSIFICATION MODEL

A. Precursor Parameter Framework Establishment

In order to accomplish the accurate failure mode classifica-
tion of IGBT modules, a generic and comprehensive precursor
parameter framework is needed. The package failure is the most
frequently observed in wire-bonded IGBT modules [27]. There-
fore, this article focuses on finding the precursor parameters
related to the package failure in this article.

1) Dimensional Parameters: First, the literature [28] found
that increasing the bond wire aspect ratio α shifts the failure
mode from heel crack toward lifting-off under PCTs. Second,
3-D finite element analysis was performed in the literature [29]
to investigate the influence of different bond wire diameters D
on the thermos-mechanical reliability. By performing numerical
Ansys 2-D device simulations, Wang et al. [30] pointed out that
as the chip plane size (the product of the length L1 and width W1

of the chip) decreases, the heat dissipation capability will rapidly
decrease, which will lead to a subsequent increase in junction
temperature and aggravate the aging failure of the IGBT module.
Similarly, Poech [31] and Junghaenel et al. [32] pointed out that
the thinner the Si chip h1, the more important is the influence of
underlying layers for the thermal expansion of the die’s surface.
As a consequence, Al wires have a higher lifetime on thinner Si
chips as these can more easily follow the thermal expansion of
the substrates. Finally, by performing a set of PCTs, Ma et al.
[33] pointed out that the failure rate of solder joints is largely
influenced by the geometry of the solder joints, i.e., solder layer
length L2, solder layer width L2, and solder layer thickness h2.
In summary, the bond wire aspect ratio α, bond wire diameter
D, chip length L1, chip width W1, chip thickness h1, solder layer
length L2, solder layer width W2, and solder layer thickness h2
mentioned earlier are regarded as dimensional parameters.

2) Materials Parameters: It is well known that the wire-
bonded IGBT modules have a multilayer physical structure [34].
Different materials have different coefficient of thermal expan-
sion (CTE). It is the presence of the CTE mismatch that causes
the appearance of solder layer fatigue and bond wire failure. The
cross-sectional view of the IGBT module (SKM100GB12T4 as
an example) is given in Fig. 1.

Therefore, during a PCT, the mismatch between the CTE of
the internal layers of the IGBT module will render each layer
withstanding repeated alternating thermal stresses. This eventu-
ally leads to cracks in the solder layer; bond wires are subjected
to interface shear and lifting-off of bond wires occurs; bond
wires are subjected to temperature cycling, repetitive expansion
and contraction, and heel cracking of bond wires occurs [34].
Therefore, the CTE difference between the bond wire and the
chip, and the CTE difference between the chip and the solder
layer all have a certain degree of influence on the fatigue of the
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Fig. 1. Cross-sectional view of the IGBT module.

Fig. 2. Precursor parameter framework in the form of a tree diagram.

Fig. 3. Work framework for establishing mapping relationship.

IGBT module. These two CTE differences are called material
parameters.

3) PCT Conditions: Similarly, the package failure of IGBT
modules is caused by the thermomechanical fatigue stress during
the PCT [7]. The amplitude and duration of thermomechanical
fatigue stress are closely related to the testing conditions of the
PCT, including junction temperature fluctuationΔTj, maximum
junction temperature Tjmax, turn-ON time ton, turn-OFF time toff,
and load current Ic. These five parameters mentioned earlier are
testing conditions.

The precursor parameter framework is presented in the form
of a tree diagram, as shown in Fig. 2. In total, there are 13
precursor parameters. Each precursor parameter is a given value.
Our work is to establish the mapping relationship between these
precursor parameters and the failure modes of the IGBT module,
as shown in Fig. 3. It should be noted that the word “others” in
the Fig. 3 refers to the occurrence of severe degradation of both
bond wire and solder layer.

B. Dynamic Tuning-Multilevel Particle Swarm-Back
Propagation (D-MPS-BP) Optimization Algorithm

In this article, we try to find optimal hyperparameters to
develop an offline data-driven CNN-based classification model.
A typical CNN classification model consists of at least four dif-
ferent layers namely the convolutional layer, pooling layer, FC
layer, and softmax layer [21]. This CNN classification model is
developed based on MATLAB and the corresponding computer
configuration is: Intel(R) Xeon(R) 8375C CPU @ 2.90 GHz, 32
cores, 64 threads, and 128.00-GB RAM.

To better optimize CNN hyperparameters and avoid the high
cost of manual effort, the multilevel particle swarm (MPS)
optimization algorithm that can automatically search for CNN
architecture and hyperparameter configurations is clearly re-
quired. A D-MPS-BP optimization algorithm is newly devel-
oped. The dynamic tuning strategy adopts sigmoid decreasing
inertia weight and linearly decreasing learning factors [23], [25].
This is also used to avoid local optimal during the optimization
process.

The MPS is derived from Singh et al. [23] and Tian and Shi
[26]. The particle swarm finds the optimal number of convolu-
tion layers, pooling layers, and FC layers at level-1 by exploring
the search space that has been predefined with a maximum
number of layers. We refer to the number of layers in each layer
as level-1 hyperparameters. A nonlinear activation function is
usually applied immediately after each convolutional layer.

Then, the particle swarm finds the optimal set of hyperparam-
eters of each layer at level-2 by exploring the search space where
hyperparameters have been predefined with a maximum value.
We refer to the number of convolution filters, convolution filter
size, convolution stride size, pooling filter size, pooling stride
size, Adam algorithm learning rate, first moment vector, second
moment vector, and the number of neurons for each FC layer as
level-2 hyperparameters.

The BP algorithm and Adam gradient descent algorithm are
used to update the filter coefficients, FC neural network weights,
and biases [35]. We refer to the aforementioned hyperparameters
as level-3 hyperparameters. In addition, the weights and biases
are initialized with Xavier [36] and zeros, respectively. And the
loss function is the cross-entropy loss function [37].

In each given level-1 and level-2 hyperparameters space, the
BP algorithm is utilized to iteratively search for the optimal
set of level-3 hyperparameters. For the optimization of level-
3 hyperparameters, there are also many researchers aiming to
utilize the PSO to find optimal configurations [38], [39], [40].
However, the level-3 hyperparameters can be optimized with
just a few BP epochs rather than using the PSO. This is a joint
search-type hyperparameter optimization method.

The hierarchical structure of particle swarms at level-1 and
level-2 is shown in Fig. 4. Each particle at level-1 possesses
three dimensions, corresponding to the level-1 hyperparame-
ters. Each particle in level-2 possesses 8+c dimensions (c is
the number of FC layers), which corresponds to level-2 hy-
perparameters. For each particle, each of its dimensions pos-
sesses a personalized speed limitation when updating its po-
sition and velocity. Fig. 5 shows the flowchart for optimizing
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Fig. 4. Hierarchical structure of swarms at level-1 and level-2.

Fig. 5. Flowchart for optimizing the CNN-3 hyperparameters using the D-
MPS-BP optimization algorithm.

the CNN-3 hyperparameters using the D-MPS-BP optimization
algorithm.

III. DATA COLLECTION AND VALIDATION

A. Data Collection

Enriching collection of relevant training data is also the basis
for subsequent training of the CNN with optimal results. In
our work, most of the training data collected are from existing

publications [2], [27], [28], [29], [32], [41], [42], [43], [44], [45],
[46], [47], [48], [49], [50], [51], [52], [53], [54], [55], [56], [57],
[58], [59], [60], [61], [62]. Each set of training data contains 13
precursor parameters.

First, more attentions are paid to diversification of train-
ing data during the data collection process. The train-
ing data contain PCT data of various different IGBT
modules (e.g., SKM200GB12T4 module, SKM50GB12T4
module, GD50HCU120B3S module, FS150R12KT4 module,
FS200R07A1E3 module, etc.) under different testing condi-
tions. The advantages are as follows. First, it provide enough
information to train the CNN classification model. Second, it
enables the proposed method robust enough to apply to different
IGBT modules.

Second, it should be noted that during the collection of
training data from existing publications, the failure criterion of
the solder fatigue is a 5% increase in thermal resistance Rth,
and the failure criterion of the bond wire is a 20% increase
in collector–emitter saturation voltage Vce. A total of 147 sets
of training data are collected from existing papers, 49 sets of
which are used for validation. Among the training sample set,
the sample numbers of solder fatigue, bond wire lifting-off, bond
wire heel crack, and “others” are 37, 49, 5, and 7, respectively;
the percentages of the four are: 37.76%, 50.00%, 5.1%, and
7.14%, respectively.

Finally, it should be noted that there is a problem called
training database imbalance. This is because the number of
samples of the bond wire heel crack and “others” in training
sample set is much smaller compared to the other two cate-
gories. Existing research on the database imbalance problem
has concentrated mainly on two levels: the data level and the
algorithmic level [63]. In our classification task, it is preferred
to retain useful information about the majority class data and
add useful information about the minority class. In addition, the
adjustment process is required to easily operate and observe,
and not to introduce new parameters nor add redundant com-
putational effort. Based on the aforementioned considerations,
oversampling techniques are expected to become our friendly
choice.

Oversampling technology is to reach a desired level of balance
by randomly copying minority samples [63]. For unbalanced
categories, the sample set size is increased by randomly copying
existing samples. Eight sets of bond wire heel crack samples are
randomly copied as well as ten sets of “others” samples. After
this, the sample numbers of solder fatigue, bond wire lifting-off,
bond wire heel crack, and “others” become 37, 49, 13, and 17,
respectively; and the percentages of the four are: 31.9%, 42.24%,
11.21%, and 14.66%, respectively. Now, 165 sets of training data
from existing papers are established, 49 sets of which are still
used for validation.

B. Data Preprocessing

Different precursor parameters within the CNN usually have
different measurement units and different ranges. Therefore, in
order to eliminate the effects of the difference in unit and range,
the precursor parameters are needed for preprocessing. Here,
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TABLE I
RESULTS OF ONE-HOT ENCODING

the data scaling method is used. The min–max scaling formula
is employed to scale the precursor parameter into a predefined
range of [0.1, 0.9] [12].

For the output results (i.e., the main package failure modes
of the IGBT modules: solder fatigue, bond wire lifting-off,
bond wire heel crack, and “others” [41]), which are in text
form and cannot be directly input into the CNN. To use them
during the CNN training process, we need to digitalize them
first. To convert the failure modes into an easy form to perform
multiclassification task, one-hot coding method is introduced
to encode failure modes into a vector space [64]. In our work,
one-hot encoding is presented as a four-digit binary encoding.
The results of one-hot encoding are given in Table I.

Next, to better illustrate the superiority of the newly proposed
hyperparameter optimization algorithm for our classification
problem. The validation sample set is used to compare the
random CNN, state-of-the-art PSO-CNN, and newly optimized
CNN in terms of classification accuracy. There are 49 sets of
validation samples in validation sample set.

C. Comparison

1) Random CNN: The random generated CNNs are initial-
ized with the same random set of hyperparameters as in the
D-MPS-BP model for a fair comparison of performance. Ten
CNNs are randomly generated. All padding pixels are set to
zero.

A random CNN is generated with the best classification results
and it is called the best random CNN. The validation results of the
best random CNN are given in Fig. 6(a). The validation accuracy
is only 57.14%. The classification accuracy by random CNNs is
very low. This is because the hyperparameters of best random
CNN are given randomly. The time consumption of training best
random CNN is 15.5571 s.

2) State-of-the-Art PSO-CNN: To obviously illustrate the
disadvantage of optimizing hyperparameters under pregiven
overall architecture of the CNN, the validation accuracies of
CNN-1 and CNN-2 are compared. CNN-1 uses random architec-
ture and CNN-2 uses the localized architecture obtained by the
trial-and-error method. A localized architecture means that the
numbers of convolution and pooling layers are given manually,
whereas the number of FC layers is unknown. Set the number
of convolutional layers to 1 and the number of pooling layers to
1. Therefore, the trial-and-error method is used to explore the
optimal number of FC layers. The search range is [1 5]. A total
of five trial and errors are required.

The state-of-the-art PSO in [25] is used to optimize the hy-
perparameters of CNN-1 and CNN-2. This state-of-the-art PSO
improves the standard PSO by using nonlinear inertia weight and

Fig. 6. Validation results. (a) Best random CNN. (b) CNN-1. (c) CNN-2.

linearly decreasing learning factors. The number of misclassified
samples in the validation phase is used as the fitness function.
We set up a total of 20 iterations. Record the time consumption
of training for 20 iterations. The time consumptions of training
CNN-1 and CNN-2 took 10352.6 s and 48430.5 s, respectively.

The validation results and testing results of CNN-1 and CNN-
2 are given in Fig. 6(b) and (c). The validation accuracies of
CNN-1 and CNN-2 are 65.3% and 95.9%, respectively. It can
be found that the pregiven CNN architecture will largely affect
the final classification accuracy. The classification accuracy of
CNN-2 is higher than CNN-1. This is because the CNN-1 archi-
tecture is given randomly without involving too much manual
effort. Then, if one wants to give a reasonable CNN architecture
before hyperparameter optimization, the cost of manual effort
will be much higher.

3) D-MPS-BP Convolutional Neural Network: Table II gives
the optimal level-1 and level-2 hyperparameters of CNN-3 that
are optimized by D-MPS-BP optimization algorithm. Fig. 7
gives the architecture of the proposed CNN-3 classification
model.

The validation results of CNN-3 are given in Fig. 8. The vali-
dation accuracy is 98%. Fig. 9 gives the curves of the best global
fitness with the number of iterations during the optimization
process. From Fig. 9, it is found that the D-MPS-BP CNN-3
finally got a better global fitness than the CNN-2 and CNN-1.
When the number of iterations is greater than 18, the global
fitness curve of D-MPS-BP CNN-3 trends to a constant. The
number of BP epochs is set to 15. Fig. 10 gives the curve of the
loss function with BP epoch during the optimization of level-3
hyperparameters for CNN-3 when the number of iterations is
18. When the epoch is greater than 12, the loss function cor-
responding to each failure mode converges and tends to zero.
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Fig. 7. Architecture of the proposed CNN-3 classification model.

TABLE II
OPTIMAL LEVEL-1 AND LEVEL-2 HYPERPARAMETERS OF CNN-3

This means that under the level–1 and level–2 hyperparameters
space at an iteration number of 18, the level–3 hyperparameters
are relatively optimal.

Using validation accuracy and time consumption of train-
ing as comparison indicators, the best random CNN, CNN-1,
CNN-2, and CNN-3 are compared. We also provide comparisons
with other intelligent algorithms, such as PSO extreme learning
machine (ELM) [65] and Gini index decision tree (DT) [66].
Table III lists corresponding comparison results.

First, the best random CNN has the shortest training time,
but the validation accuracy is extremely low. Second, the val-
idation accuracy of CNN-1, which uses a random architecture
for hyperparameter optimization, is only moderately improved
relative to the best random CNN. This illustrates that if the CNN
uses a random architecture for hyperparameter optimization, the
final result is not guaranteed either. Third, comparing CNN-2

Fig. 8. Validation results of CNN-3.

Fig. 9. Curves of the global fitness with the number of iterations.

and CNN-1, the validation accuracy of CNN-2 is significantly
improved, but the time consumption of training incurred is huge.
Finally, comparing CNN-3 and CNN-2, it can be seen that the
validation accuracy of CNN-3 is improved, and its time con-
sumption of training is also drastically reduced. For PSO-ELM
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Fig. 10. Curve of the loss function with BP epoch during the optimization of
level-3 hyperparameters for CNN-3 when the number of iterations is 18.

TABLE III
VALIDATION ACCURACY AND TIME CONSUMPTION COMPARISONS BETWEEN

DIFFERENT ALGORITHMS

and Gini index DT, although both have certain advantage in
terms of time consumption, their classification accuracies are
lower than that of CNN-3. The superiority of the D-MPS-BP
optimization algorithm in solving the classification problem is
fully demonstrated.

IV. EXPERIMENTAL TEST

A. Accelerated PCT

In order to verify the generalizability and robustness of the
CNN-3 classification model, a testing sample set is created.
The testing sample set consists of two parts. First, performing
accelerated PCT for different modules under different testing
conditions, the part1 testing sample set can be obtained. Second,
a small portion of the PCTs data in the existing publications [42],
[43], [44], [45], [46], [47], [48] is used for part2 testing sample
set.

Fig. 11 shows the test rig, which consists of the circuit part
and water cooling part. The circuit part includes the main circuit,
control circuit, driving circuit, and measurement circuit; the
water-cooling part includes the water-cooling machine, water-
cooling plate, and water return pipes. Fig. 12 shows the main
electrical circuit of the rig. The 50-mA current source within it
is used to execute the temperature-sensitive electrical parameter
method to measure the value of Vce [67]; and the NI-DAQ is a
data acquisition card with the model number NI USB-6341.

After designing and building test rig, the devices under test
(DUT) can be selected. Four different types of IGBT modules

Fig. 11. Physical view of the PCT rig.

Fig. 12. Main electrical circuit of the PCT rig.

Fig. 13. Tested IGBT modules. (a) FF100R12RT4(FF100) module.
(b) SKM100GB12T4(SKM100) module. (c) FF150R12ME3G(FF150) module.
(d) SKM50GB12T4(SKM50) module.

are used, as shown in Fig. 13(a)–(d). The advantage of choosing
different types of IGBT modules is to enrich and diversify
the testing sample set. The testing conditions are shown in
Table VI, which gives the load current Ic, turn-ON time ton,
turn-OFF time toff, junction temperature fluctuation ΔTj, and
maximum junction temperature Tjmax for each IGBT module
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Fig. 14. Evolution curves of Rth and Vce throughout the PCT aging process.
(a) DUT50-1 series. (b) DUT50-2 series. (c) DUT100-3series. (d) DUT100-3
series.

during the PCT. Table VI is placed in the Appendix. A total
of 35 IGBT modules will be tested. The DUT50 series are all
SKM50 modules, the DUT150 series are all FF150 modules, the
DUT100-1 and DUT100-2 series are all SKM100 modules, and
the DUT100-3 series are all FF100 modules.

B. Analysis of Aging Results

1) Bond Wire Failure: Fig. 14 shows the evolution curves
of Vce and Rth throughout the PCT. Vce and Rth are used to
monitor bond wire failure and solder layer fatigue, respectively.
The curves in Fig. 14 were actually measured during our PCTs.
The predefined failure criteria of bond wire failure and solder
layer fatigue are 5% increase of Vce and 20% increase of Rth,
respectively [67]. As it can be seen in Fig. 14(a)–(d), Vce first
rose to 1.05 times its initial value. This initially determine that
bond wire failure first occur.

In order to further determine the failure modes of the DUTs,
it is necessary to examine inside of the module with the help of
certain instruments. The DUT50-1, DUT50-2, and DUT100-3
modules were uncased. A microscope was used to observe the
bond wires. It was found that the bond wires were obviously
lifting-off, as shown in Fig. 15(a) and (b).

Unfortunately, the bond wire heel crack did not appear in
the PCTs that we performed. This is because the packaging
technology and bonding process of IGBT modules are now
considerably improved [42], [68], [69]. However, these data
are supplemented by utilizing heel crack data from existing
publication [42]. Fig. 15(c) shows the image of bond wire heel
crack in paper [42].

2) Solder Layer Fatigue: Fig. 16 shows the evolution curves
of Vce and Rth throughout the PCT aging process. As it can be
seen in Fig. 16(a)–(f), Rth first rose to 1.2 times its initial value.
This initially determine that the solder layer fatigue first occur.

Fig. 15. Images of bond wire failure. (a) Bond wire lifting-off of DUT50-1
and DUT50-2. (b) Bond wire lifting-off of DUT100-1. (c) Bond wire heel crack
[42].

Fig. 16. Evolution curves of Rth and Vce throughout the PCT aging process.
(a) DUT100-1 series. (b) DUT100-2 series. (c) DUT50-3series. (d) DUT50-4
series. (e) DUT50-5 series. (f) DUT150-1 series.

The chip solder layers of the DUT100-1, DUT100-2, DUT50-
3, DUT50-4, and DUT50-5 IGBT modules were scanned us-
ing computed tomography (CT), and the chip solder layer of
the DUT150-1 modules was scanned using scanning acoustic
microscopy (SAM). All scanned results are shown in Fig. 17.
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Fig. 17. Scanned results. (a) DUT50-3 solder layer. (b) DUT50-4 solder
layer. (c) DUT50-5 solder layer. (d) DUT100-1 and DUT100-2 solder layers.
(e) DUT150-1 solder layer.

Fig. 17(a)–(d) shows the CT images, and Fig. 17(e) shows the
SAM images. As shown in Fig. 17, there are visible chip solder
degradations.

3) Others: This mode indicates the occurrence of severe
degradation of both bond wire and solder layer. Some data are
obtained as supplemental testing samples [43], [44], [45], [46],
[47], [48].

It should be noted that these PCT curves are not the input data
of CNN. The input data of CNN are the precursor parameters
given in Section II-A.

C. Testing CNN-3 Classification Model

After performing PCTs on the DUTs under the given testing
conditions, the corresponding failure modes are obtained. Based
on the selected precursor parameters, the precursor parameters
of the DUTs are collated into a one-dimensional vector, which
will be used as part1 testing sample set. There are 35 sets of
testing samples in part1 testing sample set. Since the testing
conditions for each DUT have been already given in Table VI,
only the corresponding material parameters and dimensional pa-
rameters are needed. Table IV shows the corresponding material
parameters and dimensional parameters for each DUT.

The precursor parameters in the existing publications [42],
[43], [44], [45], [46], [47], [48] are used as part2 testing sample
set. There are 13 sets of testing samples in part2 testing sample
set. Then, the same data preprocessing operation is performed for

TABLE IV
CORRESPONDING MATERIAL PARAMETERS AND DIMENSIONAL PARAMETERS

FOR EACH DUT

Fig. 18. Testing results of all the CNN classification models. (a) Best random
CNN. (b) CNN-1. (c) CNN-2. (d) CNN-3.

part1 and part2 testing sample sets. After the testing sample set
is preprocessed, it is input into all the CNN classification models
that are shown in Table III. The testing results of all the CNN
classification models are given in Fig. 18. There are total 48 sets
of testing samples in the testing sample set. From Fig. 18(a)–(c),
it is shown that both the testing accuracies of best random CNN,
CNN-1, and CNN-2 are lower than CNN-3. From Fig. 18(d),
26 sets of testing samples exhibit solder fatigue and 8 sets of
testing samples exhibit bond wire lifting off, which is generally
consistent with the PCT results. Three sets of lifting-off samples
were misclassified. In addition, the bond wire heel crack samples
and the “others” samples were completely correctly classified.
That is, CNN-3 has the best performance of classification.
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TABLE V
TESTING ACCURACY AND ITS TIME CONSUMPTION COMPARISONS BETWEEN

DIFFERENT ALGORITHMS

Using the testing accuracy and the time consumption of testing
as comparison indicators, the best random CNN, CNN-1, CNN-
2, and CNN-3 are compared. We also provide testing results
by using both PSO-ELM and Gini index DT. Table V gives
corresponding comparison results.

First, the time consumptions of testing all CNN classification
models are on the order of seconds. Second, the testing accuracy
of CNN-3 is highest. That is, a well-trained CNN-3 classification
model can quickly accomplish failure mode quad-classification
with a highest classification accuracy. Finally, comparing CNN-
2 and CNN-3, the testing accuracy of CNN-3 is higher. This is
because both the architecture and hyperparameters of CNN-3
are optimized. This allows CNN-3 to be fully adapted to our
quad-classification problem. For CNN-2, only the numbers of
FC layers and the hyperparameters are optimized, and localized
architecture is given manually. That is why CNN-2 cannot
be adequately adapted to our quad-classification problem. For
PSO-ELM and Gini index DT, although both intelligent algo-
rithms have the advantage of less time cost, their classification
accuracies are obviously lower than that of CNN-3.

V. CONCLUSION

In this article, an offline data-driven CNN-based classifica-
tion method is proposed for failure mode quad-classification of
different IGBT modules under different PCT conditions. This
method consists of a training data collection part and a crucial
hyperparameter optimization part. The training data collection
part builds a training sample set (the largest to date) by mainly
collecting various PCTs data from existing publications. This
enables the proposed method robust enough to apply to differ-
ent IGBT modules. The hyperparameter optimization part uses
a joint search-type D-MPS-BP hyperparameter optimization
method, which both uses a dynamic tuning strategy to try to
avoid falling into a local optimum in each iteration, and an
MPS to generate entirely new CNN architecture from scratch.
Finally, PCTs of various IGBT under different PCT conditions
are performed. The obtained PCT data and a small portion of
the PCT data in the existing publications were used as testing
sample set to verify the generalizability and robustness of the
proposed method. The superiority of the proposed classification
method is nicely demonstrated through the comparison with the
random CNN, state-of-the-art PSO-CNN, PSO-ELM, and Gini
index DT.

APPENDIX

TABLE VI
TESTING CONDITIONS OF PCTS
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