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Abstract This article proposes an unsupervised learning ap-
proach for fault prognosis of silicon carbide (SiC) MOSFETS. The
proposed approach utilizesthe changing trend of adevice svoltage,
current, temperature, and other device characteristics with its
degradation. The failure modes of semiconductors are reviewed
along with existing methods for fault prognosis. The proposed
approachisthe rsttoaddressprognosticsof SiC devices, and it can
avoid theeffectsfrom system noiseand dataerrors. Itisnot limited
to of ine analysis and is targeted at online implementation. It is
easy toimplement on standar d digital platforms, and hasfast com-
putational speed. Of ine data analysis is performed to verify the
effectiveness of the proposed method, and a processor-in-the-loop
system isused to verify itsability to perform onlinefault prognosis.

Index Terms Fault diagnosis, fault prognosis, power electron-
ics, real-time systems, unsupervised learning.

I. INTRODUCTION

OWER semiconductors are essential devices in many en-
ergy conversion systems, including electrified transporta-
tion, renewable energy conversion, and grid-tied systems [1],
due to their high efficiency. Some emerging semiconductors,
such as silicon carbide (SIC) and gallium nitride (GaN), have
gained significant interest in industrial applications due to their
low conductionlosses and high thermal capabilities. In addition,
their higher switching frequency has enabled high efficiency
of many new applications such as wireless charging [2] and
transportation el ectrification, and hasreduced thetotal harmonic
distortion of power converters[3]. While power electronic sys-
temshave benefited from the devel opment of new semiconductor
devices, the reliability of such devices, along with their failure
modes and degradations, are still being explored.
When a semiconductor device fails, some measurable sig-
nals, such as voltage or current, will have significant changes.
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Such postevent changes can be used to develop many fault
diagnosis and prognosis methods. However, these changes may
cause undesired impacts on other healthy components, which
increase the risk of further damage. Thus, instead of detecting
the failure after it happens (postevent), it is desirable to predict
afailure before it happens (preevent).

This article proposes an unsupervised machine-learning ap-
proach: principle component analysis (PCA)-based fault prog-
nosis for SIC MOSFETS. It is also applicable to traditional Si
MOSFETS. The proposed method utilizes the observed trends of
sensed signalsthat relate them to the degrading SiC device. PCA
captures the true dimensionality of data by removing redundan-
ciesinthe sensed signalsand capturing themajor variationinthe
data; this speedsup the dataanalysis computation. The proposed
method has the added advantage of reducing theimpact of noise
significantly. Application of the proposed method is not limited
to offline analysis; it can be implemented in a processor-in-the-
loop system for real-time operation.

The article proceeds as follows: Section Il presents a litera-
ture review of device failure modes and existing fault progno-
sis methods. Section |11 introduces the accelerated aging test
used to obtain useful datasets of sensed signals. Section IV
introduces the proposed PCA-based fault prognosis method.
Section V shows the results for offline fault prognosis to verify
the effectiveness of the proposed method. Section VI shows an
implementation of the proposed method in an online processor-
in-the-loop (PIL) platform to verify its real-time capability.
Section V11 concludes the article.

Il. LITERATURE REVIEW

In this section, a brief review of power device and module
failure modes is provided, along with a summary of existing
methods for fault prognosis.

A. Failure Modes

To develop an effective fault prognosis method for power
semiconductors and modules, their failure modes should be
understood first. There are many types of semiconductor failures
and these failures can be grouped into two main failure modes:
extrinsic and intrinsic. Extrinsic failures are mainly related to
packaging, while intrinsic failures mostly relate to transistor
physics[4]. The main failure types of extrinsic failures include
reconstruction of metallization (ROM), wire-bonding fatigue
(WBF) [5], and solder joint fatigue (SJF) [6].
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ROM occurs in the metallization layer of semiconductor
devices. The metallization layer istypically made of auminum;
itisthetop level of power diesand connects elementary cells of
apower module. In high-temperature applications, power mod-
ules experience high operating temperature or high-temperature
swings, which could cause aging of the aluminum metallization
layer; this results in aluminum reconstruction which induces an
increase in the resistance of metallization layer [7]{9]. WBF
includes several different failure types related to bond wires,
which interconnect semiconductor devices and their packages.
Failure types of bond wires include foot crack, heel crack,
fracture, and lift off [8]-{11]. The first three failure types di-
rectly stem from aging of bond wires and are mainly caused by
high-temperature swings. Bond wirelift off ismainly caused by
themismatched coefficient of thermal expansion (CTE) between
wires and silicon.

SJF occurs in the solder layers of a power module, where
solder is used to join the chip, the ceramic substrate, and the
base plate [12]. When thermo-mechanical stress is applied to
the two solder joints, both of the solder layers are affected
by the CTE mismatch of the joined elements, which could cause
the solder joint to crack [6].

Intrinsic failures are related to transistor physics, which
mainly include dielectric breakdown (DB), hot carrier injection,
and electromigration (EM). These three intrinsic failures could
happen in both insulated-gate bipolar transistor (IGBT) and
MOSFET devices. DB is typically caused by electrostatic dis-
charge and junction overvoltage; DB occurs when astrong elec-
tric field induces a current path through the insulated medium
among device junctions. A strong electric field can impact en-
ergy intoanelectronor ahole, whichiscalled ahot carrier. These
electrons and holes build up in insulation layers and can change
the characteristics of devices, such as gate threshold voltage and
transconductance, and then impact the performance of devices.
EM occurs when a high-density current passes through silicon
interconnects, then migration of metal occursand metal voidsare
formed in interconnects. These voids can induce open circuits
or high resistive paths and cause poor performance of devices
[13].

B. Methods of Fault Prognosis

Many effective fault prognosis methods have been devel oped
for semiconductor devices or power modules. These methods
canbemainly categorized asmodel -based approachesand statis-
tical approaches. In model-based approaches, Clech’sa gorithm
is used to develop a physics-based model [14] to illustrate the
relationship between the lifetime of a power module and fre-
guency, dwell-ramp time, and maxi mum/minimum temperature.
It is applicable to predict failures of solder interconnections. In
[15], a therma model and physics-of-failure-based reliability
analysis are combined to predict crack propagation in the solder
layer and bond wire joints. A real-time reduced-order thermal
model isproposedin[16] to model devicejunctiontemperatures,
and assist with health management of power devices. In[17], a
real-time rain-flow coding algorithm is proposed and utilized
with compact thermal models to develop a life-time model.
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The proposed methods in [15]-{17] al use estimated junction
temperature from thermal models and combine with physics
of failures to develop analytical models for power device life-
time prediction. The Coffin-Manson law used in [18] estimates
the fatigue life according to plastic strain and is linked to the
change of junction temperature during power cycling; then, a
lifetime prediction model for power devicesin avoltage source
inverter is developed based on die-attached solder fatigue. In
[19], curve fitting is a simple and useful tool, where ON-state
voltage and junction temperature are used to perform linear
extrapolation to indicate bond wire degradation. The measured
signalscan also bedirectly used or modified asawarning signto
indicate the degradation of a semiconductor device [20]-{22].
Thermal resistance is monitored, and a degradation model of
thermal resistance is developed in [20], to estimate the lifetime
of power modules. The focus of the thermal resistance-based
method issolder fatigue. In[9], aspecial degradationtraceonthe
collector-to-emitter saturation voltage of apower device during
thedegradation processwasfound and utilized to devel op aprog-
nostic system and in [21], the high-order oscillatory responseis
treated as afeature of power device characterization to evaluate
device aging.

Statistical approaches are data-driven methods for fault prog-
nosis. Monte-Carlo simulations are used to propagate degrada-
tion paths, and amaximum-likelihood functionisused to build a
fault prognosismethod in[22]. Theincreasing trend of collector-
to-emitter voltageis utilized to build a simple state-based prog-
nosis method in [23]. Particlefilter agorithm isimplemented to
forecast the semiconductor failure by observing the decay of the
OFF-state current of a semiconductor device, while the device
is undergoing aging [24], [25]. Empirical degradation models
perform several tests on different characterizations of an aging
semiconductor device to model its degradation behavior [26].
Mahalanobis distance (MD) is used as a prognosis parameter
in [27]. In this method, MD between a good device data and
a test device data is calculated; if the difference is over a
certain threshold, then an anomaly isdeclared. Gaussian process
regression [28] isused for predicting failuresin asemiconductor
device, wherein an estimated dynamic model is built, and then
based on the model, the Gaussian process regression is applied
to estimate the remaining useful life (RUL). In [29], amaximum
likelihood estimator is used to estimate the system model and a
Markov model is utilized to estimate the RUL ; the concomitant
method is called alight-weighted statistical prognosis method.

However, all of these fault prognosis methods are devel oped
for conventional Si semiconductor devices, and most of the
model-based approaches only focus on certain types of extrinsic
failures. Also, most assume a certain type of extrinsic failures
causes most fatigue of apower module; for example, thethermal
resistance monitoring method in [20] only focuses on solder
fatigue. Analytical models are not effective methods when the
complexity of the system increases. Monte-Carlo simulations
and maximum-likelihood function used in [22] require running
alarge number of simulations or calculations; consequently, it
is very complicated to use. The state-based prognosis method
in [23] only deals with wire bond failure, so it is not useful for
other types of failures. Particle filter algorithm in [24] and [25]

Authorized licensed use limited to: American University of Beirut. Downloaded on April 24,2024 at 07:25:05 UTC from IEEE Xplore. Restrictions apply.



4050

is typically computationally demanding and is not suitable for
online analysis. The empirical degradation model in [26] is de-
vel oped based on fitting experimental dataand cannot be used as
ageneric model. Mahalanobis distance on all measured signals
in[27] might be sensitiveto noise, soitishard to beimplemented
in noisy scenarios with redundant measurements. The results of
Gaussian process regression shown in [ 28] indicate around 30%
error in estimation, which is not acceptable. In [29], the error in
maximum likelihood estimator is unacceptably large. The most
important limitation of these existing fault prognosis methodsis
that they are only implemented and tested in offline conditions,
which is not useful for real-time or online applications. Thisis
especialy true in safety-critical applications, such as electrified
transportation. Even though some methods have the potential
to be implemented in real-time or online applications, the im-
plementation process is complicated. Thus, a more robust and
practical fault prognosis method for emerging semiconductor
devicesis necessary.

This article proposes a PCA-based fault prognosis method
for SIC MOSFET modules, and it is also applicable to Si MOSFET
modules. It is effective for both intrinsic and extrinsic failures.
While the proposed method requires an offline training process
to establish an anomaly detection model, it can be implemented
in an online system as illustrated in this article. The ability
to generate reduced dimensionality of data speeds up the data
analysis computation as well as reduces the effects of noise, as
explained in Section V.

I1l. ACCELERATED AGING TEST

The proposed fault prognosis method relies on the analysis
of a database to generate an anomaly detection model when
the devices are in healthy condition. The database is generated
from datasets of many devices in healthy condition, thus the
genera database is able to tolerate the mismatch of param-
eters among devices. Then the database is used for training
an anomaly detection model. When devices in degraded and
failure conditionsviolate the model, anomalies will be detected.
Thus, proper data should be collected when the semiconductor
devices are healthy, degraded, and failed. However, it usually
takes a semiconductor device avery long timeto degrade and/or
fail in normal high-frequency operating conditions, where these
devices can run for many years. Using a very low-frequency
operating condition can stress the devices by longer conduction
times. Therefore, to acquire the necessary data and develop
anomaly detection models, accelerated aging tests were per-
formed, where high current was applied to the tested devices
via power cycling, and the temperature of the tested devices
was controlled during thermal cycling. Thus, the purpose of this
research is to understand the degradation process and failure
conditions of SIC devices using the proposed approach; an
accelerated aging test is sufficient to generate valuabl e datasets.

A. Test Setup

An accelerated aging test was performed using the 1500 A
Mentor Graphics power tester [30]. The maximum heating cur-
rent of power tester 1500 A is500 A for three phasesand 1500 A
for a single phase. In the performed test, 30 A heating current
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ach\module

One MOSFET is used
in each module

Fig. 1. MOSFET module and test setup.

is used, voltage and current are measured as ON-state voltage
and current when heating current is applied. Many devices have
undergone accelerated aging tests, and since electric machine
drive circuits typically consist of six devices, in this article, six
devicesareusedfor illustration. To account for variationsamong
the same part number in terms of manufacturing tolerance, six
different modules are used with part number CCS050M 12CM2
from Wolfspeed. As indicated in Fig. 1, six modules are used
to construct the testing circuit, but in each module, only one
MOSFET device is used so that six different devices are tested.
Thesedevicesaredenotedas Sy, S, 3, S, S5, and S, and every
pair is connected in series. Thetop switches, S, S5, and S5, are
connected to separate channels of the power tester, denoted as
CH1, CH2, and CH3; the bottom switches, S, S, and S, are
connected to acommon ground, denoted asCOM. Thesedevices
are utilized to perform the power cycling test. Each channel has
itsown control of voltage, current, and temperature during power
cycling even though their values are set to be the same for al
six devices to have the same operating conditions. The reason
for using separate channels, but the same testing conditions, is
to avoid interaction between the three different half bridges. If
one device fails, the power tester can maintain the operating
condition of the other devices in different legs to ensure that a
failure in one leg does not impact others.

The devices were mounted on a temperature-controlled cold
plate, the base plate temperature was set to 65 °C. The target
junction temperature was set to 150 °C, and the temperature was
maintained as constant. If thejunctiontemperatureincreasesand
the device needs to maintain a constant junction temperature,
the power tester would lower the current setting. When current
is reduced, the oN-state voltage will decrease. However, when
measuring the ON-state voltage, the current remains constant
in the same cycle and is only changed after a full cycle of
50 s is completed as the power cycling was performed with
40 s ON-state and 10 s OFF-state, as shown in Fig. 2. While this
testing condition does not involve high switching frequencies, it
isintended for accel erated testing where long conduction times
overstress the devices.
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40s on 10s off
Logic 1
Logic O
0 10 20 30 40 50
Time (s)
Fig. 2. Power cyclewith oN and OFF times.

(b)

Fig. 3. Failed devices. (a) S3 wire bond broken. (b) S burned.

B. Test Results

After performing theaccelerated aging test for 41 200 ON—OFF
cycles, S, S, and S were found to not have failed, while S
and S failed as broken bond wires as shown in Fig. 3(a). The
ON-state voltage Vpscony and current Ipsiony of S and S
were monitored to increase about 0.14 V and decrease about
2.5 A suddenly when delamination happens, then the devices
stopped working as an open-circuit fault. S, is burned as shown
in Fig. 3(b). The oN-state voltage Vps(ony of Sy was monitored
to decrease continuously, then the device stopped working as a
short-circuit fault. The open- and short-circuit fault have been
verified by three-dimensional imaging. Note that 41,200 cycles
were used since ashort-circuit failure was detected by the tester,
and the collected data is sufficient to analyze the degradation
process and failure conditions. The collected data included 11
features for each device. The features are listed in Table I,
where an additional feature Rpscony iscomputed from the mea-
surements of Vpscony/lpscony. The reason to generate another
feature Rps(ony from existing features is to explore whether an
additional feature could enhance fault diagnosis and prognosis.
Even though Ipscony is controlled by the power tester, it still
reflects the characteristics of devices during aging test, since
changes in junction temperature represent the characteristics of
devices, while changes in Ipsony seek to maintain a constant
junction temperature. When the device is in the oN-state, the
constant heating current is 30 A with 15 V applied from gate
to source; when device is in the OFF-state, the constant sensing
currentis 200 mA witha 10V applied from gate to source
since negative voltage istypically used to turn off SIC MOSFETS
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TABLE |
DATA FEATURES
Number | Features Description
1 Ipsion) Drain current
2 R Normalized thermal resistance
3 AP Difference betv{een heating
power and sensing power
4 Vs Mgasureq voltage when device
o is in cooling steady state
5 Vi, Measured Yoltage when device
” was off & just turned off
6 T Junction temperature converted
Jmax from Vs
7 T Junction temperature converted
S from Vo1
3 AT Difference between 7} . and
cold plate (7} i)
9 Vosion On-state voltage drop from drain
) to source
10 T ruse Temperature of the device case
11 Rpson On state resistance of device

[31]-33]. The thermo-sensitive electrical parameter (TSEP) is
around 3 mV/°C, which determines the junction temperature of
the MOSFET.

IV. PROPOSED UNSUPERVISED MACHINE
LEARNING APPROACH

In this section, the data preprocessing, principal component
analysis, and anomaly detection mechanism are described.

A. Preprocessing

Data-driven anomaly detection approaches were performed
on the collected data. This process involves data preprocessing,
where the data need to be visualized and understood. Then, a
PCA -based approach to unsupervised anomaly detectionwasap-
plied. To visualizethe data, mean, median, mode, max, variance,
skewness, and kurtosis[34] werecal cul ated for each feature. The
visualization data statistics for individual features is shown in
Appendix A (see Table 1V). Because Vhot and Veoig are both
measured during the device's OFF-state, and the sensing current
in the oFF-state is negative at 200 MA, Vhot and Veoig Show
negative values in Appendix A (see Table IV). TSEP remains
positive in the OFF-state due to the increased absolute value of
Vps i.e., body diode forward voltage when temperature reduces.
Matrix plot of features was also performed, but it is not shown
here.

Thereisaclear distinction between healthy devices and aged
devices upon examination of data statistics, such as standard
deviation , skewness, and kurtosis. For example, as shown in
Fig. 4, for an open-circuit failure (Device S3) and ashort-circuit
failure (Device &), a consistent change in kurtosis value is
observed when compared to the healthy devices. This change
in kurtosis value is consistent for al features. The change in
skewness value shown in Fig. 5 is also consistent, that is,
the skewness value either increases or drops compared to the
healthy devicesfor both failuretypesamong all features. Similar
change can be observed from the  values for all features too.
Such changes in kurtosis, skewness, and  values reflect the
difference between a good device data and afailed device data.
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6

4

0

Tcase ICE (ON) AT Rthla

H Good 2.306 1.062 2.174 2.134 1.861
M Failed(S3) 3.857 9.561 4.13 3.521 4.298
Failed(S4) 1.225 2.137 1.572 2.46 1.808

B Good M Failed(S3)

Fig. 4. Kurtosis of features.

I. ) -
-1

Tcase | ICE(ON) AT Rthla AP
M Good -1.087 = 0.018 0.884  -0.263 = 0.285
M Failed(S3) -0.404 -2.738 = 0.192 0.265  -0.123
Failed(S4) -0.375 @ -0.134 0.11 0.327 = -0.003

B Good M Failed(S3)

Fig. 5. Skewness of features.

This suggests that the good devices data can be used to train
the anomaly detection techniques.

B. Principle Component Analysis-Based Anomaly Detection

PCA [35] calculates areduced matrix to represent the original
collected data, and the reduced matrix can be used to calculate
anomaly detection metrics. In Appendix B, the detailed PCA
process steps are described. The feature dataset is formed as an
origina data matrix, and the top k largest eigenvalues and the
concomitant eigenvectors of the covariance matrix associated
with the mean-removed original data matrix are computed,
wherek isselected such that the sum of thek largest eigen values
is greater than 95% of the trace of the covariance matrix (trace
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Tj_max TJ min VcoId Vhot VCE ON) RDS(ON)
2.175 2.39 1.284 1.601 0.061 1.635
4.054 12.045 11.99 3.996 7.726 10.85
1.614 1.379 1.379 1.641 1.842 1.768
Failed(S4)
Tj_max | Tj_min | Vcold Vhot  VCE(ON) RDS(ON)
0.939  -1.054 @ 0.054 0.232 0.283 0.149
0.169 = -2.565 -2.571 @ 0.154 1.519 3.082
0.09 -0.259  -0.259 0.073 = -0.032  -0.029
Failed(S4)

is the sum of al the eigen values). The top k components, e.g.,
eigenvalues and the corresponding eigenvectors represent the
most variability inthe original datamatrix. Then, anew reduced
matrix is generated by multiplying the original data matrix and
the selected eigenvectors. The columns of the new reduced ma-
trix are termed the anomaly detection indicators. Each indicator
represents the variability of alinearly weighted combination of
features (with weights being the eigenvector elements), so the
indicators represent the variability in the dataset. The indicators
can be utilized to calculate anomaly detectors, e.g., Hotelling's
T?- and the Q Statistics, where T2 Statistic is the major anomaly
detector to detect the failures in devices, the Q Statistic is also
the anomaly detector, but mainly used to check the validity of
the PCA model and to detect gross data errors in the measured
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TABLE I
SUMMARY OF ANOMALY DETECTION

O value T’ value Detected Condition
<0, <T, Nominal
<O >T, Anomaly
>0, <T, Model retrain
Next data point Next data point
PCA, T°, O

calculation

A

Re-train the PCA
model

Fault detected

l

Identify
failure type

Fig. 6. Anomaly detection and prognostics.

data. The T?- and Q Statistics are compared with predetermined
thresholds to indicate the health condition of the device. The
detailed process of PCA is introduced in Appendix B with an
example.

T? Statistic follows a  2-distribution with k degrees of free-
dom, so a 2-distribution table is used for threshold selection
at a specified level of confidence. The row of the table has
different degrees of freedom, which are the selected number of
top eigenval ues; the column of the table has different confidence
levels, which indicates the probability that the datafollowsa 2
distribution. So, the threshold for T2 Statistic is selected by the
degree of freedom, k and the confidence level. The probability
distribution for Q is a weighted 2-distribution. It is approx-
imated by a standard normal distribution as in [30]; thus, the
thresholdfor Qiscalcul ated from astandard normal distribution.
M ore detailed explanation of the T? and Q thresholds cal cul ation
can befound in [35].

C. Anomaly Detection Mechanism

Q Statisticismainly used for model verification. If the Q value
isover thethreshold Q , it indicates that the PCA model is not
valid. T? value should be compared with thethreshold T , where
T? Statistic is mainly used for anomaly detection in the device.
Indicators represent the variability and trend of the features.
Indicators can be used to determinethe specific failuretypewhen
an anomaly isdetected, that is, when the T2 exceeds T . Whena
failure has caused variability and the trend of indicators matches
acertain type of failure, then afailure type may be determined.
Table Il summarizes the combinations and the corresponding
detection results. Fig. 6 shows the flowchart of the proposed
anomaly detection mechanism. Q value is compared with the
thresholdQ firsttodetermineif themodel needstoberetrained.
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Indicator 1

5 T T
0 M“MW ”WWWWMWW “ 4
5 . . L .

0 0.5 1 1.5 2 25
Cycle number
Indicator 2

20

-20

0 0.5 1 1.5 2 25
Cycle number
Indicator 3

20

20k L L L
0 0.5 1 1.5 2 25

Cycle number «104

Fig. 7. Indicators for PCA with data of S3 using nine features and three
principle components.

If the model is still valid, then T2 value is compared with
the threshold T to detect the anomaly. Finaly, the trends of
indicators are checked to determine the failure type.

V. RESULTS OF DATA ANALYSIS

For realistic implementation, the separation of training and
testing data is necessary. Training data is used to calculate the
eigenvalues and eigenvectors to devel op the model; testing data
are used with the calculated eigenvectors to generate indicators
and anomaly detection metrics, i.e., T?- and Q Statistics. As
explained in Section 111-B, the data from healthy devices should
be used for training; data from the other devices can be used
for testing whether an anomaly have occurred in these devices.
Device imaging was performed before testing to benchmark
the devices' healthy state. After accelerated aging tests, device
imaging and visualization mentioned in Section 1V-A isused to
identify healthy, degraded, and failed devices. In our computa-
tional experiments, the data from S were used as training data
since it remainsin the healthy condition after the test, while the
datafrom S3, Sy, and S5 were used astesting data. The analysis
was performed with two different subsets of features. 1) Nine
features selected using practical considerations. 2) Three most
accessible features.

A. Analysis With Nine Features

Excluding Tcase and Rpscony, PCA analysis was performed
on the remaining nine features because it was found that the
selected nine features have most impact on the results, while
Ros(ony is strongly linked to Vpsony and Ipscony. PCA was
performed using thefirst threeindicators (k = 3) which summa-
rize more than 95% of the total data variahility.

Fig. 7 shows the indicators for S; which fails in open-circuit
fault, while Fig. 8 shows the corresponding T?- and Q Statis-
tics for S3. Fig. 9 shows the indicators for S, which fails in
short-circuit fault, while Fig. 10 shows the concomitant T2- and
Q Statistics for . Fig. 11 shows the indicators for S which
fails in open-circuit fault, while Fig. 12 shows the related T2-
and Q Statistics for Ss. Since the tester from which data was
recorded stopped recording datawhen adevicefailed, the T? and
Q values exceed the threshold before the actual failure happens.

Authorized licensed use limited to: American University of Beirut. Downloaded on April 24,2024 at 07:25:05 UTC from IEEE Xplore. Restrictions apply.



4054
T2
400 : . :
300 F .
200 4
100 - i
0 e el N E—
0 05 1 15 2 25
Cycle number x10%
Q
4 - : . .
sl i
ot i
i i
o . . .
0 05 1 15 2 25
Cycle number x10%
(@)
05 1 15 2 25
Cycle number %104
Q
0.06 i
0.04 i
0.02 i bk L HLLE R 1 A1 LT .L I
it AN Ll |
o ; ! !
05 1 15 2 25
Cycle number «10%
(b)
Fig.8. T2andQfor PCA withdataof Sz using ninefeaturesand threeprinciple

components. (8) Trends. (b) Zoomed-in part.
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Fig. 9. Indicators for PCA with data of S; using nine features and three
principle components.

This means the PCA-based anomaly detection can predict the
falluresin S3, &, and S before they happen.

In Figs. 9 and 10, the intermediate states of indicators, T2
and Q Statistics are caused by power cycling control after the
failure of S3. In Fig. 8(b), the T? Statistic exceeds the threshold
several times when the device is still in a healthy condition.
Thisismainly caused by variability of data; it can be improved
by a median filter and to avoid the ambiguous condition, it is
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Fig. 10. T2 and Q for PCA with data of S4 using nine features and three
principle components. (a) Trends. (b) Zoomed-in part.
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necessary to check if theincreasing of T? Statistic is consistent.
For example, if the T? Statistic exceeds the threshold and falls
below the threshold after a certain number of sample points,
then it will not be treated as an anomaly. It is clear from Figs. 8,
10, and 12 that faults can be flagged about 1000 cycles from
their actual occurrence. This provides users of these devices,
e.g., in electrified transportation applications, an adequate
window of time to mitigate fault occurrence through preventive
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Fig. 12. T2 and Q for PCA with data of S5 using nine features and three
principle components. (a) Trends. (b) Zoomed-in part.

maintenance. For comparison purposes, the T?- and Q Statistics
for ahealthy device, S are shown in Fig. 13, where none of the
T?- and Q Statistics exceed the thresholds.

It can be observed from Figs. 7 and 11 that, when an
open-circuit fault happens, only indicator 3 shows significant
variability, while indicators 1 and 2 only show increasing trend
or relatively lower variability. In Fig. 9, al the indicators show
significant variability, and this happens when short-circuit fault
happens. The significance of variability can be inferred from
the absolute maximum value when the fault happens. The
characteristics of the indicators can be utilized to determine
the failure type of semiconductor devices. From the cal culated
eigenvector in Appendix B, step 4, it is concluded that features

T and Tj max dominate indicator 1, feature P dominates
indicator 2, and feature Tj min dominates indicator 3. Since
open-circuit fault only causes significant variability in indicator
3 and short-circuit fault causes significant variability in
al indicators, feature Tj min has the most influence on an
open-circuit fault detection, and features T, P, Tj max,
T;_min have the most influence on ashort-circuit fault detection.

B. Analysis of Reduced Features

So far, the PCA analysis used the most practical ninefeatures
in Table | excluding Tcase and Rpscony. However, in practice,
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Fig. 13. PCA with data of Ss using nine features and three principle compo-
nents. (a) T2 and Q. (b) Indicators.

measuring the nine features used earlier may be costly. There-
fore, PCA anaysis using the three most accessible features,
viz., Vce©ony, lce©oN), and Rpscony, is performed to examine
whether PCA-based anomaly detection could still predict the
occurrenceof faults. Eventhough Rpscony isrelatedto Veeony
and Iceony, it has a better representation of the characteristic
of the tested device, thus it is used as a separate feature. As
before, the data from S5 were used for training, since device
S remains in a healthy condition; the data from S, &, and
S were used for testing. For this test, PCA was used with the
first component only, i.e,, “k = 1" in Figs. 10 and 11. In this
case, PCA can still explain 99.9% variability of the total data
variation. Fig. 14 showstheindicatorsfor S3, whileFig. 15 shows
the corresponding T?- and Q Statistics for Ss. Fig. 16 shows the
indicators for &, while Fig. 17 shows the concomitant T?- and
Q Statistics for . Fig. 18 shows the indicators for S5, while
Fig. 19 shows the related T2- and Q Statistics for Ss.

The T?- and Q values exceed the threshol ds before the actual
failure happensin Figs. 15, 17, and 19, which meansthefailures
inS3, &, and S can be forecasted using only three features,
Vceony lceony, and Rposony. Since only three features are
used, the characteristic of indicator is not as outstanding as
using nine features. However, it can still be concluded that the
absolute maximum valuesin Figs. 14 and 18 when open-circuit
fault happens are larger than the values in Fig. 16 when the
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Fig.15. T2andQfor PCA withdataof Sg usingthreefeaturesand oneprinciple
component. (&) Trends. (b) Zoomed-in part.
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component.
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Fig. 18. Indicator PCA with data of S5 using three features and one principle
component.

short-circuit fault happens. The time to failure is calculated
from the time the T? Statistic exceeds the threshold to the time
that the device fails. For comparison purposes, the T?- and Q
Statistics for a healthy device, S are shown in Fig. 20, where
none of T?- and Q Statistics exceed the thresholds.

Tablelll summarizesthetimetofailureof S3, S, and S when
using the nine features versus only the three features, Vceony,
Ice(ony, ad Rpsony. From Table 111, the time to failure for
both devices is sufficiently long for preventive actions to be
takento avoid further damage caused by thefailures. When more
features are used for PCA, more information is carried in the
analysis, so theresults are more accurate. This can be seen from
Table I11, where more features provide longer time to failure,
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TABLEIII
SUMMARY OF TIME TO FAILURE

Devices Used Cycle of Cycle of Time to
Features | prediction failure Failure (hrs)
S5 9 16543 24035 52
3 19625 24035 31
s 9 16115 32428 113
! 3 19792 32428 88
s 9 22754 24998 16
’ 3 23073 24998 13

which indicates moreflexibility. Even though differences can be
observed using different numbers of features, all the estimated
timesto failure are sufficiently long for predictive maintenance.

VI. PROCESSOR-IN-THE-LOOP VERIFICATION

PIL isusedto verify thefeasibility of the proposed PCA-based
anomaly detection approach. Thedigital signal processor (DSP)
used to perform PIL is Texas Instruments TM S320F28335 [36] .
A view of the eZdsp board, including the DSP, is shown in
Fig. 21. The software used to communicate with the DSP
is MATLAB/Simulink, which can automatically generate the
C-code from the Simulink blocks and the autogenerated C-code
is compiled in CCStudio before uploading it to the DSP. After
the algorithm is run, results are sent back to Simulink, and are
displayed in visual scopes.

Theimplementation of PCA onthePIL isrealized by perform-
ing PCA in a MATLAB’s m-file, while calculating T2- and Q
Statisticsand comparing the T2 and Qwith thresholdsinthe DSP,
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Fig.22. PIL block diagram.

ThePIL block diagramisshownin Fig. 22. Theimplementation
of PCA on the PIL uses S; data as an example; the first 20%
of the data are used as training data since the device is still ina
healthy condition, therest of the dataare used astesting data. An
m-fileisbuilt in which dataselection (i.e., removing the mean of
the training data, calculating the eigenvalues and eigenvectors
from the training data and calculating the thresholds for T2-
and Q Statistics) is done. The calculation in the DSP includes
importing the testing data, removing the mean from the testing
data, computingindicatorsfrom thereduced data, calculatingthe
T?- and Q Statistics, and comparing T2- and Q with thresholds.
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Fig. 23. Functional blocksin Simulink.
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Fig.24. M-file generated results. (@) Zoomed-out plots. (b) Zoomed-in plots.

Thedetailed functional blocksin Simulink are shownin Fig. 23.
It should be noted that the data used for PIL testing is from a
hardware accelerated aging test, and is imported into the DSP
platform from a MATLAB workspace, one data point at atime
to imitate the real-time acquisition of test data. The compile
time of the PCA exampleis 30 s and the total run time of 9616
cyclesis 7 min and 10 s, which means the run time per cycle
of the PIL is 0.045 s (i.e., 45 ms). Fig. 24 shows the M-file
generated results and Fig. 25 shows the PIL generated resullts,
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Fig. 26.  Error plots between offline and online testing.

which appear identical. ThePI L generated T and Q Statisticsare
compared with M-file generated results by using the Euclidean
Distance and the corresponding error plotsare shown in Fig. 26.
The Euclidean Distance of T2 is 0.0141, Q is 0.0004, and the
errorsshownin Fig. 26 are very small, which meansthe PIL can
perform the PCA online and can accurately calculatethe desired
anomaly detection metrics.
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