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ABSTRACT Extensive studies have been conducted in regards to estimating the useful life of power
electronic converters in order to prevent failure related downtime. The state-of-the-art of converter reliability
is based on the physics-of-failure approach, which involves some concerns such as the uncertainty introduced
by extrapolating the accelerated test results to other usage conditions, which results in failure probability
distributions inhibiting a variance of several years. In order to overcome this issue, the state-of-the-art
is currently seeing an increase in research output, which are in favour of basing the reliability studies
on physics-of-degradation based methods. The existing methods are restricted to only consider a single
component and due to the impracticability of monitoring each single component, there is an essential need
for methods, which can monitor the health state of the entire converter. This paper proposes a method which
uses the converter operating efficiency to monitor parameter shifts of multiple components, which can be used
to gain precision when stating the converter lifetime. A supervised classifier is used to detect the end-of-life
while simultaneously coping with the fundamental issue of the loading influencing the efficiency. The method
proves to have high accuracy even when measuring inaccuracies are taken into account.

INDEX TERMS Condition monitoring, end-of-life detection, health precursor, maximal margin classifier,
power electronics, supervised learning, support vector machine.

I. INTRODUCTION

Power electronic converters are being extensively used in a
wide area of applications and is indisputably a key enabling
technology in the current transition towards transforming the
global energy sector from fossil-based to zero-carbon [1].
Due to the high cost of failure related downtime of re-
newable generators, considerable efforts have been made to
assess the reliability of power electronic converters [2]. The
state-of-the-art of the assessment methods is based on the
physics-of-failure (PoF) approach, which utilizes the knowl-
edge of the converters life-cycle loading and the potential
failure mechanisms in order to assess the time-to-failure [3].
While the PoF methodology seems as a good approach for
systems with sufficient legacy there are still some concerns,
which can lead to inaccurate lifetime predictions. One com-
mon concern is the tendency of inherently base the prediction

on one single failure mechanism, which is an idealistic as-
sumption since in reality several failure mechanism could be
co-existing and some could even be related in terms of sharing
the driving forces that govern multiple failure mechanisms [4].
Furthermore, the extensive use of Miner’s rule for linear dam-
age accumulation is a simplistic assumption, as this does not
consider the interactions that leads to positive feedback of
the driving forces of failure causing the evolution of damage
to accelerate as the components degrade [5]. Still, the major
concern linked to PoF is the establishment of the useful life
of the components by means of extrapolating the accelerated
test results to other usage conditions in order to obtain the
failure fatigue model parameters. Extrapolating the test con-
ditions to other usage conditions introduces uncertainty as the
accelerated test data are often based on a restricted number of
constant loading conditions, which differs significantly from
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the real applied use [6], [7]. The loading profiles linked to
renewable generation is of highly dynamical nature inhibiting
a large variety of gradients and stress ranges, which signifi-
cantly influences the mechanical stress that excites the failure
mechanisms of power devices [8]. A common practice, to
account for the issue of differing conditions, is to model the
failure fatigue model parameters as distribution functions and
thereby represent the lifetime prediction as a failure proba-
bility as described in [7]. When all possible uncertainties are
considered, the resulting lifetime distribution tends to inhibit
a variance compromising several years and does therefore end
up lacking sufficient precision for any unique cases under
study [9]. A common useful reliability metric when dealing
with failure distributions, is the percentile life, which denotes,
at which point in time a certain percentage of the distribution
is accumulated. The correct percentage value to denote the
end-of-life is application dependent, e.g., when considering
power converters with the functionality of acting as interface
between renewable energy sources and the power grid, a suit-
able percentile value would be of one or even less. Allowing
the risk of a higher percentage of the generation units to enter
a failed state is likely to lead to improper system operation.
The stringent reliability requirements rightfully forces the
consideration of only a small fraction of the distribution, when
in reality any unique case could be located anywhere in the
distribution.

An effective way to overcome the before mentioned issues
is to exploit prognostics and health management (PHM) based
methods, where the long term changes in the electro-thermal
parameters are used as component health state indicators.
The degradation of power electronic components will typ-
ically occur at the material or interconnection-level and as
the changes of materials and interconnections influence the
electro-thermal parameters they can indirectly signify the
gradual wear-out of the components and thereby be harnessed
to assess the current device condition [10]. The classical indi-
cators compromise the increase in the forward voltage of an
IGBT or diode and the thermal resistance of power devices.
The variation of the forward voltage is influenced by temper-
ature, gate oxide integrity, metalilization reconstruction and
the quality of the electrical connections, namely bondwire
fatigue and lift-off. The steady increase is an indication of the
aluminium surface metalization influencing the ohmic resis-
tance while sudden steep increases in the voltage drop can
be observed when a bond wire lifts off. This is due to the
fact that the remaining bondwires are now forced to carry an
additional load [11]-[16]. On the other hand, the evaluation of
the thermal resistance can be used to indicate the degradation
in the form of solder or ceramic cracks that reduces the power
modules ability to conduct heat from the power device and
into the heat sink [11], [17], [18].

Based on the existing research, it is quite clear that ex-
ploiting these health indicators appears to be quite effective
in terms of covering several types of degradation modes. Nev-
ertheless, all existing methods are limited to one single type of
component or an individual component [10], [19]-[21]. This
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is a severe limitation, as at the application-level the degrada-
tion is likely to occur in multiple components concurrently
as a consequence of different types of occurring parameter
shifts, which all adds up to the overall converter degradation.
However, these mutual effects cannot be verified through the
assumption that one single component degrades at a time and
it would most certainly be a tedious affair, if not impossible, to
estimate the health of every single component operating in the
power converter. Also, due to the long and exhaustive process
of locating and remedying any particular defect, it is highly
unlikely that one component is replaced in case of compo-
nent failure and it is therefore essential to monitor the health
status of the entire converter using converter-level signals as
alternative solutions [5]. This paper proposes a method, which
utilizes the converter operating efficiency as a unified health
precursor of the entire converter, and enables the assessment
of the health status of the entire converter. The method can
be used to gain precision, when stating the lifetime of power
converters in terms of unique cases.

Still, for this method to be useful in terms of detecting when
the converter has reached its end-of-life state, it is required
that a critical level of degradation is defined. The main issue to
overcome, when exploiting the efficiency as a health precur-
sor, is that the efficiency is dependent on how the converter
is loaded. Due to this loading dependency, a single discrete
threshold will not do, as this will result in several overlapping
efficiency outcomes for different levels of converter degrada-
tion. Finally, this paper additionally presents a method, which
utilizes a binary supervised classifier that defines a safe op-
erational area, and effectively constructs a boundary, which
adapts to the specific loading condition. The efficiency based
end-of-life detection methodology can be used to base the
maintenance scheduling of power converters when operating
in a large variety of applications. The outcome could be use-
ful in terms of providing advanced warnings of failure with
the purpose of minimizing unscheduled maintenance, extend
the maintenance cycles and thereby reduce life-cycle cost by
reducing failure related downtime.

Il. FRAMEWORK AND METHODOLOGY

In this section, a method which is used to detect the end-of-
life of power converters is presented. The method exploits
the degradation of multiple components concurrently while
taking into account each possible operating condition and
their respective impact on the unified health precursor, which
signifies the practicability of the method. In order to illustrate
the effectiveness of the proposed method, every consecutive
step needed to obtain an end-of-life decision boundary, is
presented via a case study using a common topology used
for renewable power generation. The study is based on a
solar based generation unit, in which the power processing
is realized via a dual-stage PV-inverter as presented in Fig. 1.
The PV-inverter consists of two stages, in where each stage
is an assembly of numerous power electronic components.
The three types of power electronic components, in which
parameter shift is considered are the capacitors, the active

VOLUME 3, 2022



IEEE Open Journal of

4x Power Electronics

Ppv < > Pg:id

DC/DC . ; S

PVModules /i / DC link DC/Ac L. Filter 1, i, P
> AN AN ,_'
= 1 1 iy van:'g“ z,

Vpy ] T | 228 ann = :

= i, Ubn
______________ T T vy l R > - 2 vg
[Ty T —I—T Cs P72

FIGURE 1. Solar based generation unit rated at 10 kVA used for the case study outlining the components considered for wear related degradation. 7
denotes the efficiency when considering the power losses that occur from the input power p), to the output power py;q.
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FIGURE 2. A generic degradation curve outlining the three typical stages

of power electronic component degradation process. Ay is the parameter
drift of the given health precursor y, y, is the initial state of a component
operating in a “as good as new” state.

power switches and the power diodes. The useful life of the
respective components is dictated by an end-of-life criterion,
which is defined based on some historical knowledge of the
destruct limit and the inclusion of some margin in order to
prevent failure related downtime. Fig. 2 presents a generic
degradation curve of a health precursor, where y is the moni-
tored value of the given health precursor, Ay is the parameter
drift with respect to its initial value yg. The y-axis shows
the absolute value of the parameter change in percentage.
A power electronic component usually has three distinctive
stages that are prominent during an entire degradation pro-
cess. The stages compromises the ones labeled stage 1,2 and
3, that for each includes a time interval, where the health
precursor either keeps constant, changes linearly, increases
or decreases at an accelerated pace respectively. The allowed
efficiency change considered in this study, is based on the
large share of existing studies on condition monitoring of
individual components. Meaning, that the end-of-life state is
reached when the efficiency change of the converter caused by
the combined component parameter shifts. A 20% increase
in the forward voltage is chosen as this is consistent with
the general consensus of the allowed degradation in existing
studies [22], whereas a 2-3 times increase of the ESR of
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FIGURE 3. Framework linked to the proposed method and its paper
sections.

electrolytic capacitors are commonly used [5]. The number of
components, which constitute each conversion stage and the
maximum allowed individual parameter change are listed in
Table 1.

The framework linked to the proposed method is outlined
in Fig. 3, which compromises three main parts, i.e., the initial
part involves the converter modelling in terms characterizing
the losses and how they are effected by component degra-
dation. The input power and the output are obtained for any
possible operating condition and the efficiency is then com-
puted and mapped. The long term efficiency can then be
obtained by use of the mapped values and real field mission
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TABLE 1. Power Electronic Components and their Respective Assigned Parameter Shifts

Component type

DC/DC stage  DC link  DC/AC Stage

Active Power Switches (20% increase in Vo g, on)

Power Diodes (20% increase in V)
Capacitors (300% increase in ESR)

1 - 6
1 - 6
_ 4 _

profiles, which enables the emulation of a range of realistic us-
age conditions. The second part compromises the acquisition
and handling of the data, in terms of forming a data ensemble
for managing the data so that it is compatible with the ap-
plied classification algorithm. The most discriminating signal
characteristics of the data ensemble is then identified for use
for yielding maximum classifier performance. Subsets of the
signal characteristics are used to train and test the performance
of the end-of-life classifier and finally, the effectiveness of the
method is proven by visualizing a distinct separation of the
converters, which has reached its end-of-life state from those
which have not via a defined safe operational area.

IIl. CONVERTER CHARACTERIZATION

In this section, the factors which indirectly enables the use
of efficiency as a health precursor are briefly characterized.
The main idea is to exploit the fact that the power conversion
will become less efficient as the components degrade and
an end-of-life criteria can therefore be stated based on the
degraded efficiency. The common wear-out indicators of the
active and passive power devices, i.e., the on-state voltage and
the forward voltage will both directly influence the dissipated
losses. The considered power loss Pp . can be classified into
the following six categories; the switching loss Psy and the
conduction loss Pc,,s Which are both produced by the passive
and active power devices, the ESR losses Pggg of the DC-link
and the AC capacitors, the gate charge losses Pgqre, and the
magnetic copper losses Pc,pp of the filter inductors. It is as-
summed that only the passive and active power devices and
the DC-link capacitors, i.e. the conversion stage components
are exposed to parameter drift and thereby contribute to the
change in efficiency. The remaining losses, with the exception
of the iron losses of the magnetics, are considered but are
assummed to be to be the same throughout the life-cycle of
the converter. Fig. 4 presents the classification of the consid-
ered power loss components, where the red color denotes the
components considered for parameter drift. The relationship
among the power loss components, shown in Fig. 4 leads to
the following equation

Pross = PGate + Psw + P()hm
= PGate + Psw +PCf+PC0pp+PCond (D

The ohmic loss P, is produced in the power circuit and is
proportional to the square of the rms value of the current.
It can be divided into the respective losses of the ESR and
the damping resistance Pcy, the copper loss Pcopp and the
conduction 1088 Pcyug.

The output characteristics of the power devices and thereby
the efficiency is dependent on multiple factors, including
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FIGURE 4. Classification of the 6 power loss components, where the red
colored boxes, denotes the components which are considered to have a
change in the amount of dissipated losses as these components degrade.
Pcon, is the total loss at the conversion stage. Prjj, is the total loss
dissipated in the AC filters and P.; denotes the combined losses caused by
the ESR and the damping resistance of the filter capacitors.

loading and temperature, a single value threshold can not be
based on the lowered efficiency. The output characteristics
for healthy units is mapped according to the manufacturing
data and additionally the component-level condition indica-
tors are manipulated in terms of small increments until the
degradation limits presented in Table 1 is reached. In re-
gards to the factors that influence the efficiency and that are
not ageing related, the output characteristics of the active
power switches and the power diodes are shown in Fig. 5. As
shown in Fig. 5(a) and (b), there are regions that exhibit near
linear-relationship, but also some which are highly non-linear.
These different regions, will have a different impact on the
operating efficiency. For example, the region that displays a
nearly linear proportional relationship will prove to be highly
insensitive to load changes, but due to the large variety of op-
erating conditions linked to renewable generation, it is highly
unlikely that the converter is operated solely in that region.
Due to the multivariate dependency, the output characteristics
is mapped using a 3D lookup table as exemplified for active
power devices in Fig. 6, where Ic denotes the localized load-
ing and 7 denotes the junction temperature of the device. The
mission profile dependent applied converter loading can be
obtained as outlined in [23], whereas the localized loading and
the junction temperature can be obtained as described in [24].
In case of the wear related degrading of the DC-link capac-
itors and their impact on lowering the converter performance,
the long term change in the equivalent series resistance (ESR)
will impact the dissipated losses, which can be computed as

Pross.cap = ESR(T, f) - I3y;5(f) 2)
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FIGURE 6. 3D lookup table used to map the output characteristics of the
active power devices of the DC/DC and DC/AC stage.
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FIGURE 7. (a) and (b): Adapted frequency and temperature dependency of
the equivalent series resistance of the studied DC-link capacitors.

where 12,,4(f) denotes the RMS value of the ripple current
components and 7" denotes the capacitor hotspot temperature.
As it is evident from expression (2), the ESR does contain
some temperature and frequency dependency and as shown
in Fig. 7(a), the ESR value has a decreasing tendency with
increasing frequency. The lowering in the ESR value is even
more pronounced with the increase of temperature as shown in
Fig. 7(b), that shows the ESR tendency, which is more or less
general for electrolytic capacitors. Both dependencies needs
to be considered, as they will impact the amount off losses
dissipated in the DC-link capacitors. Analogues to the case
of the power devices, the losses are characterized for each
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TABLE 2. The Electrical Parameters of the AC Filter and the Gate Driver,
Which Influence the Power Loss of the Converter

Power rating Prated 6 kW
Switching frequency fsw 10 kHz
Filter resistance Ry 02 Q
Filter resistance (grid side) Ryq 0.1 Q
Damping resistance Ry 1Q
Total gate charge Qg 0.395 uC

[«—— Power Devices .
Driver

Copperand

Switching Conduction damping

Non
degraded

Degraded

FIGURE 8. Power loss breakdown for non degraded and degraded states
of the components considered for parameter drift. The power loss
breakdown is conducted at 6 kW, 10 kHz operation.

loading, temperature and frequency condition as documented
in [25]. In order to gain some insight in how the component
losses is affected by the degradation and in which proportion,
each of the parameters contribute to the change in efficiency, a
power loss breakdown is conducted. The electrical parameters
of the AC filter and the gate driver that is used for the circuit
simulations is presented in Table 2 and the results of the power
loss breakdown is shown in Fig. 8. As shown in Fig. §, the
conduction losses of the power devices accounts for the ma-
jority of the efficiency change and constitute nearly one-third
of the total power losses in the degraded state, which is more
than a 7% increase of their respective proportion in respect
to the non-degraded state. The loss contribution caused by
the degradation of the DC-link capacitors, do also show a
significant change by more than doubling its contribution to
the overall power losses. Finally, the wear related degradation
is modelled by an incremental increase of ESR until it reaches
the defined parameter shift criterion listed in Table 1. Based
on the loss characterization and the degradation modelling,
the long term efficiency profile can be computed based on
real field mission profiles in order to emulate the data re-
lated to real operational usage. Additionally, regardless of
which conditions that imposes the unit, the efficiency can
be obtained for the entire defined health spectre as depicted
in Fig. 9, where one specific operating condition results in
different efficiency response due to varying health states. The
gained opportunity of acquiring efficiency responses for every
possible operation and health state enables the possibility of
creating large multifaceted datasets required for the condition
monitoring algorithm design.

553



KJAR ET AL.: END-OF-LIFE DETECTION OF POWER ELECTRONIC CONVERTERS BY EXPLOITING

6000 98
=.4000 -
’g ¢ 96
o 2000 w
o
0" 94
0 500 1000 0 500 1000
Time [min.] Time [min.]
_16
o
14
£
o 12
|_
g 10
< 0 500 1000
Time [min.] Performance Mapping

FIGURE 9. Enabling of long-term efficiency responses by use of
performance mapping of each operating and health condition.

TABLE 3. Structure of the Dataensemble Created for End-of-Life Detection

Member ID Efficiency Loading Fault Code
1 60001 60001 1
Time series data | Time series data
2 60001 60001 0
Time series data | Time series data
70 60001 60001 0
Time series data | Time series data

IV. DATA ACQUISITION AND PRE-PROCESSING

Regardless of the used health precursor, data analysis is
the foundation of any condition monitoring activity. In this
section, a dataensemble is created for managing and labelling
of the large dataset, which is required for the development of
the end-of-life detection algorithm. The requirements for the
dataensemble is that it represents a lifetime record of system
operation i.e., run-to-failure data. In addition of covering the
entirety of health states, it is also required to cover all varia-
tions of operating conditions, as this also has a direct influence
on the health precursor. Finally, it is required that the data
is organised so that the condition monitoring algorithm can
keep track of the large of amount of data in terms of which
conditions the data represents.

Based on the listed considerations and requirements the
family of data sets consists of 70 members, including mem-
bers of which the unit is operating in a “as good as new” state
or partially degraded. This share of members are assigned a bi-
nary condition code of zero. The remaining share of members
represents the system operating in a fully degraded state and is
assigned the binary condition code of one. Each member con-
tains the data variables i.e., signal data of the efficiency and
loading of the generation unit and each data variable consists
of time series data with 6000 samples covering approximately
four days. The structure of the dataensemble is depicted in
Table 3. While the raw data managed, it is still required to
process the raw signal data into numerical features, which
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FIGURE 10. Histograms for visualization of condition based feature
separation.

will yield optimal condition monitoring algorithm classifica-
tion results, while still preserving the information contained
in the original data ensemble. As the signal features are ex-
tracted manually, it is required to apply a method, which
effectively can identify the features of the data, that is of high
relevance. More specifically, identify signal features whose
behaviour changes in a predictable manner as the converter
degrades and at the same time discarding the irrelevant ones
as these can contribute to overfitting of the model and thus
leading to biased classification outcomes. The filter based
feature selection method for binary classification evaluates
the individual features in terms of the degree of separation
of the defined classes. In other words, the optimal features are
regarded as the ones which are useful to distinguish new and
partial degraded conditions from the end-of-life conditions by
exhibiting as little overlapping as possible by clustering the
similar conditions together. Initially, a preliminary assessment
of how the effectiveness of each feature is carried out by
means of feature histograms visualization. Histograms allows
one to get an early sense of feature effectiveness and thereby
get a good impression of which subset of features are worth to
include in the more rigorous quantitative assessment using the
filter methods. The histogram plot visualizes the separation
between the labeled groups of the defined data ensemble by
binning the feature data and by using colors to identify, which
binary condition code the data belongs to. This is exemplified
in Fig. 10, where the separation of the feature variables mean
efficiency and distribution skewness of the units operating
efficiency is shown. In both plots, the value of 0 (blue) in-
dicates a fully healthy or partially degraded system operation
and a value of 1 (orange) indicates a system operating at the
end-of-life state. As seen in the histogram representing the
mean efficiency, it shows that most of the healthy feature data
are located within the range of the two far-right bins, whereas
most of the fully degraded data lies within the remaining bins.
Despite that is does not exhibit total separation, the mean
efficiency might work well in a combination with a feature
containing information of the applied loading conditions. By
contrast, the histogram representing the distribution skewness
exhibits highly overlapping feature data and the particular
bins, which do not show any overlapping are at the extremes
of both high and low values, making the result ambiguous
and therefore not useful for end-of-life-detection. It should be
emphasized that regardless of the efficiency features chosen,

VOLUME 3, 2022



IEEE Open Journal of

4x Power Electronics

Cond. Code=1

o
)
v N

Probability
o
o
Cum. Prob.
o
w

o
=}
G

o . | 0 Cond. Code=0
95.8 96 96.2 96.4 96.6 96.8 96 96.2 96.4 96.6
(a) Mean Efficiency (b)

Mean Efficiency

FIGURE 11. (a): Weibull distribution function fit of each classes of mean
efficiency. (b): Corresponding cumulative distribution functions of the
classes exhibiting good separation properties, by having a relatively large
KS statistic.

it is crucial that it is combined with an applied loading feature.
In the case of e.g, peak efficiency it cannot be guaranteed that
the peak condition of the loading/efficiency curve is reached
during the low loading periods observed at winter time and
excluding the load feature, would lead to false alarm and
therefore no-failure related maintenance.

The final feature selection of the feature subset, that was
chosen based on the histogram visualization, will be based
on Kolmogorov-Smirnov (KS) test, which is simply a quan-
titative measure of the separation of the condition variable.
The method is advantages in respect to the mean based meth-
ods due to the fact that two feature distributions can easily
exhibit a large degree of overlapping even though their respec-
tive means differ due to the difference in distribution spread.
The KS statistic is in essence the supreme of the difference
between the distributions sampled from the two condition
classes and it can be calculated as [26]

D = sup|Feona.1(x) — Feona.0(x)] (3)
xeR

where D is the KS statistic; F,,q.0 and F,.,4.1 are the cum-
mulative distribution functions from the partially healthy and
fully degraded classes respectively. The larger the KS statistic
is, the lesser the likelyhood is that the data is sampled from the
same distribution i.e, the two classes exhibit good separation.
In Fig. 11, the fitted probability functions of each classes of
the mean efficiency is shown alongside the computed supreme
distance of the classes. Based on superior separation prop-
erties, the mean efficiency is chosen in combination with
mean loading as the signal characteristics used for condition
monitoring. However, before the feature data can be used for
training of the classification algorithm, it is required to remove
the relatively large difference in the dimensional level of vari-
ation of the loading and the efficiency. If the dimensions of the
two features are not normalized to a similar level, it can result
in biased classifier output to some of the large-scale loading
data. This is due to the use of distance between data points in
the development of the decision boundary and the fact that if
one of the features has a broad range of values, the distance
will be governed by this particular feature. The optimal choice
of either scaling or standardization based methods depends
on the application. In the case of clustering or distance based
analyses, the z-score standardization can be the crucial choice
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for obtaining advantages results. The outcome of the z-score
standardization is that the feature data will be rescaled so it
will obtain the properties of a standard normal distribution.
The standardized scores of the feature samples are calculated
as follows

= (xi — ) @)

o

where p is the sample mean and o is the standard deviation
from the mean.

V. END-OF-LIFE CLASSIFIER MODELLING

With the most relevant features properly processed, it is now
time to split up the feature space by use of a decision bound-
ary. The decision boundary will be based on the support
vector machine (SVM) algorithm, which makes use of the
kernel trick to model the non-linear decision boundaries re-
quired in this case. When observing the feature space shown
in Fig. 12(a), it is quite obvious that the health precursor
data is not linearly separable i.e., no straight line can be
drawn through the feature space, which divides all non fully
degraded data from fully degraded ones. There may exist
infinitely many solutions that can separate the health classes
and so we should strive to obtain the one which gives the
smallest generalization error. The SVM approaches this prob-
lem by means of the concept of margin, which is defined
as the smallest distance between the decision boundary and
any of the data samples, as illustrated in Fig. 12(b). In SVM
the decision boundary is chosen as the one for which the
margin is maximized [27]. The decision rule for the SVM
makes use of the decision boundary and can be understood
by considering the arbitrary observation point labelled X in
Fig. 12(b). Now, for the sake of getting an indication of if the
arbitrary observation point is located on the left or right side
of the decision boundary, its corresponding vector is projected
onto the weighting vector w, which is perpendicular to the
decision boundary. By performing this projection the distance
in terms of a number that is proportional to w, is obtained in
the direction of w. Considering this, a decision rule can be
stated as

yx) = wl¢p(x)+b )
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where ¢(x) denotes a feature-space transformation and b is
the explicit bias parameter. For now, there is not enough
constraints to fix the values of b and @, which requires the
definition of target values as 7, € —1, 1, and that data points
will be classified depending on the sign of y(x). So in the case
of a partially degraded data instance the sum of the dot product
and the bias parameter will be equal to or larger to zero and in
the opposite case less or equal to zero. Now by definition there
will exist a least one set of values for @ such that the function
in (5) satisfies that y(x,) > 0 for 7, = 1 and y(x,) < 0 for
t, = —1, which conveniently leads to #,y(x,) > 0 for all data
instances.

As stated previously, the SVM chooses the decision bound-
ary, which will ensure that the margin is maximized. The
concept of distance from a point to a hyperplane can be
exploited to state an maximization argument as |y(x)/||w]|,
where w is the width of the decision surface. Additionally,
as we are only interested in correctly classified points, which
satisfies 7,y(x,) > O for all n, we can state the distance of a
point to the surface as

1y (%Xn) _ tn(wT¢(xn) +b)
llwl| [wl]

(6)

The distance can be stated as an optimization argument that
optimizes the parameters b and w in order to maximize the
margin

max{ ! min[t,,(wT¢(xn)+b)]} 7
w,b ||w|| n

An explicit solution of (7) is quite complex to obtain, so the
expression is rescaled such that the nearest data point has a
distance of one. Let w — cw and b — c¢b so that

m,linr,Z(qus(xn) +b)=1 (8)

Now the optimization problem is simply reduced to maximiz-
ing ||w||~!, which is equivalent to minimizing ||w|| and the
problem can therefore be stated as

1
min—||w||2 )
w 2

and since the closest data point is one, the minimization has
to honour the following constraint

ta(w! P (xy) +b) > 1

This is known as the primal form of SVM, which is formed
on the basis of assuming that the data is perfectly separable
and that all data points are classified correctly. In practice,
however, the condition class distributions may overlap, as
depicted in Fig. 10, and exact separation can then lead to poor
generalization. The approach is therefore modified in such a
way that data points are now allowed to be located within the
margin boundary, but at the same time with added penalty,
which increases as the distance to the boundary increases. For
the mathematical convenience of the subsequent optimization
problem, the penalty is chosen to be a linear function of the
distance as ¢, > 0 and has contribution of ¢, > 1 in case of

(10)
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FIGURE 13. (a): lllustration of the concept of including slack variables for
soft margin classification. (b): Cross-validation loss evaluation for different
set of box constraint and kernel scale.

misclassifications as shown in Fig. 13(a) [29]. This concept
is commonly referred to as soft margin as it relaxes the hard
margin constraint, which can be stated as

ta(wl @) +b) > 1—¢, (11)

The optimization goal has now changed to maximize the mar-
gin while penalizing the data points that are located at the
wrong side of the boundary. The minimization problem stated
in expression (9) is adapted to include misclassification slack

) 1
minC Y g + 51wl (12)

where C is the box constraint that controls the degree of
trade-off between the induced penalty and the margin. In case
of C=0, the classifier is not penalized by slack and hence
the optimization can afford to use it anywhere and even large
misclassification would be acceptable. This would result in
a linear decision boundary and would therefore lead to un-
derfitting. In contrast, an infinitely high C value will result
in that even a small slack is highly penalized so the clas-
sifier cannot afford to misclassify a data point, which leads
to complex decision boundaries and hence overfitting. This
is a case of a convex quadratic optimization problem as we
are dealing with a quadratic objective function subjected to
linear constraints. In order to solve a constrained optimization
problem the method of Lagrance multipliers are applied. The
corresponding Lagrangian function is given by

N
1
L=w.b ¢ on)=lwl’+CH ¢

n=1

N N
=D alty@) = 1+l =D Ml (13)

n—1 n=1

where ¢, and A, are the Lagrance multipliers. It is now desired
to obtain the SVM in dual form, which eliminates the primal
variables and thereby reduces the optimization problem to
only being dependent on pairs of data points. In order to elimi-
nate the primal variables, expression (13) is differentiated with
respect to w, b and ¢, and set equal to zero. The obtained
expressions are then used to eliminate those variables from
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the Lagrangian and finally, the optimization problem in dual
formulation is obtained [29]

N N N
1
Il’(lé}X ( E o, — 5 E E Oln(xmtntmk(xn»xm)> (14)
n=1

n=1m=1

Where k(x,, x,,,) denotes the kernel function which system-
atically determine SVMs in higher dimensions and thereby
enables good separation properties of the classifier when
dealing with linearly inseparable data. Due to the properties
of kernelization it allows us to operate in the original two-
dimensional space without computing the coordinates of the
data in a higher dimensional space so the inner product only
depends on the base features as described in (15).

k(Xn, Xim) = ¢ (xXn) - d(Xm)

where ¢ denotes the feature space transformation. The kernel
used for this problem is known as the radial basis function,
which can be expressed as

15)

k(xn, xm) = exp (=1 — xml[?) (16)

where y is the scaling parameter used to scale the data as
the kernel is evaluted [30]. Finally, we have an optimization
problem which can be solved numerically with relatively ease.
The problem consists of maximizing expression (14) with
respect to «,, while subjected to

N
Z aut, =0
n=1

O0<a,<C

a7)

(18)

The feature set is divided into training and test datasets while
initially the full dataset is randomly permutated with the
purpose of ensuring that the operating conditions from all
seasons are represented in both the training and test datasets.
Furthermore, a five-fold partition is made from the training
data, which is used for cross-validation when training the
model. This guarantees that the model achieves maximum
utilization of the degradation data contained in the dataset.
During training, the optimal values for the kernel scale y and
the box constraint C is obtained based on the ones that will
minimize the cross-validation loss. The evaluation is depicted
in Fig. 13(b) and resulted in C = 11.761 and y = 1.8711. The
model accuracy is subsequently evaluated by comparing the
model outputs with known condition labels of the separate test
dataset

> " (Model predictions(xsesr) == Yrest)
N test

- 100
(19)

Accuracy =

where X0 1s the test feature set, ys.sr is the known labels
of the test feature set and N,y is the size of the test feature
set. In Fig. 14, where the solid dots represents the training
data, encircled dots are the data used for support vectors and
the crosses denotes the test data. It can be obeserved in the
Fig. 14 that the hyperplane separates the health classes of the
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FIGURE 14. Visualization of the hyperplane separating the white and red
areas in the feature space containing the standarised values of mean
efficiency and mean loading. (a): Idealised results with 100 percent
accuracy. (b): Case including measurement inaccuracies resulting in
overlapping and 90 percent accuracy.

test observations one hundred percent correctly. It is quite
obvious that the decision boundary resembles a tilted, nor-
malized efficiency/loading curve, implying that the end-of-life
detection perfectly overcomes the issue of the health precur-
sors dependency on the applied operating conditions. The red
area denotes the end-of-life of the converter at all conditions
and the white area denotes the Safe Operational Area. The
results in Fig. 14(a) are obtained during idealized conditions
with an infinite amount of information available by simulat-
ing the system shown in Fig. 1. In order to obtain a more
realistic impression of how the detection model performs in
practical circumstances, measurement inaccuracies are taken
into account. The simulation output of nearly 2 MHz resolu-
tion is downsampled to 20 kHz, which is a typical sampling
rate of sensors used for prognostic purposes. With unlimited
information the efficiency response is periodically averaged
with respect to the fundamental frequency, which provides
an efficiency signal value of constant amplitude. The loss of
information caused by resampling to 20 kHz removes the pos-
sibility of obtaining perfect averaging and thereby introduces
a measurement error of 0.03 percent. Additionally, 0.1 percent
error is introduced by inherent sensor inaccuracies when using
class 0.1 sensors and finally, Gaussian white noise is added to
the efficiency response with a signal-to-noise ratio of 80. The
errors are randomly added or subtracted the idealized data and
the results can be observed in Fig. 14(b). As it can be observed
in the Fig. 14(b), health classes overlap are starting to occur,
which leads to some degree of misclassifications. But due to
the use of soft margins, the individual cases of misclassifica-
tion do not lead to hyperplanes with poor outcomes, due to the
box constraint being regulated to gain maximum performance.
This exact case led to two test observation misclassifications,
which are the data instances labeled by red crosses, that are
located within the end-of-life area. This amounts to an accu-
racy of 90 percent, which is still satisfying, when considering
that there is no existing alternatives at this point.

VI. CONCLUSION

Due to the high cost of failure related downtime of power
converters operating in a wide variety of applications, it is
essential to gain the ability of stating the lifetime with high
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precision. There is a substantial amount of uncertainty linked
to the existing PoF methodology, which can lead to inac-
curate predictions. A promising alternative is PHM based
methods where electro-thermal parameters are used as health
indicators. Nevertheless, all existing methods are restricted
to individual types of components, which is a severe limita-
tion as degradation is likely to occur on multiple components
concurrently. This paper proposes a method, which exploits
the efficiency as an application-level health precursor, which
enables the health monitoring of unified power converters.
In addition, the issue of the effiency being dependent on the
specific operating condition is dealt with by using a SVM
based classifier for end-of-life detection. The SVM classi-
fier is able to construct non-linear decision boundaries to
overcome this dependency, while at the same time being com-
putational efficient, by avoiding actual transformations into
a higher dimensional space. To avoid concluding the results
solely based on idealized conditions, the effect of measure-
ment inaccuracies are taken into account, which led to some
degree of overlapping. The effect of the individual misclassifi-
cations did not result in hyperplanes with poor outcomes, due
to the use of soft margins and an optimal amount of introduced
penalized slack. Finally, the method can be extended to in-
clude continuously updating remaining useful life estimations
using the efficiency based features and also a method which
takes the rate-of-change of efficiency into consideration as this
will deal with the assumption of homogeneous degradation
of all components. The remaining useful life estimations can
provide advanced warning of failures, minimize unscheduled
maintenance, extend maintenance cycles and maintain effec-
tiveness through timely repairs. This will lead to a reduction in
life-cycle cost by decreasing downtime and inspection costs.
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