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Abstract: The paper presents a new method of predicting the remaining useful life of technical
devices. The proposed soft computing approach bridges the gap between analytical and data-driven
health prognostic approaches. Whilst the former ones are based on the classical exponential shape of
degradation, the latter ones learn the degradation behavior from the observed historical data. As
a result of the proposed fusion, a practical method for calculating components’ remaining useful
life is proposed. Contrarily to the approaches presented in the literature, the proposed ensemble
of analytical and data-driven approaches forms the uncertainty interval containing an expected
remaining useful life. In particular, a Takagi–Sugeno multiple models-based framework is used as a
data-driven approach while an exponential curve fitting on-line approach serves as an analytical one.
Unlike conventional data-driven methods, the proposed approach is designed on the basis of the
historical data that apart from learning is also applied to support the diagnostic decisions. Finally,
the entire scheme is used to predict power Metal Oxide Field Effect Transistors’ (MOSFETs) health
status. The status of the currently operating MOSFET is determined taking into consideration the
knowledge obtained from the preceding MOSFETs, which went through the run-to-failure process.
Finally, the proposed approach is validated with the application of real data obtained from the NASA
Ames Prognostics Data Repository.

Keywords: remaining useful life; soft computing; Takagi–Sugeno; degradation modeling; prediction

1. Introduction

Power Metal Oxide Field Effect Transistors (MOSFETs) are electronic components that
are common in a wide range of applications, such as power conversion devices, low-voltage
motor controllers, consumer electronics, automotive electronics, communications and radar
systems [1–3]. The large number of applications of MOSFETs signifies that their durability
implies the service life of many systems in which they are used. In the literature, many
methods that enable the diagnosis of both individual MOSFETs and the entire systems
they are composed of can be found [4–6]. These methods enable the fault detection of a
diagnosed system and, consequently, its appropriate replacement.

Apart from the above facts, the research results presented in this paper are motivated
by a wide application of MOSFETs in such systems as in, e.g., DC-DC converters [3],
wind turbines [7,8], fuel injectors [9], buck converters for photovoltaic panels [10], etc.
Thus, the knowledge about MOSFETs’ current health status is of paramount importance
for the entire system reliability. Due to the fact that MOSFETs are a part of many devices
that are critical for the safety of systems and/or their users, there is an increasing need for
predicting their time to failure. Such knowledge allows an early replacement of a system
component before its failure. To settle such a challenging issue, a mechanism of efficient
prediction of components’ Remaining Useful Life (RUL) is required [11,12]. Thus, the
methods of modeling system degradation processes largely determine the effectiveness of
the RUL mechanism. There are many methods of modeling this process in the literature,
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among them knowledge-based models [13], life expectancy models [14], artificial neural
networks [15], physical models [16] and an exponential degradation model [17,18] can
be mentioned.

One of the most often used scheme for RUL prediction is based on the exponential
degradation model [17,18]. All of the exponential degradation model-based methods,
despite some advantages, have one common weakness, which is the lack of using historical
data when diagnosing the current state of the system. Such historical data correspond to
the run-to-failure of different components of the same type. Indeed, as can be seen in many
publications [18], the exponential model was designed on the basis of data from one system
without taking into account historical data from other systems with the same structure.
To solve such a challenging problem a new methodology for RUL prediction of power
MOSFETs is proposed. It is composed of two layers. The first one is based on fitting the
exponential model to the on-line data and predicting RUL. In the second layer, the multiple-
model Takagi-Sugeno (T-S) [19–21] approach for degradation modeling of power MOSFETs
was developed. The proposed approach is used as a data-driven approach [8,22], which
works on the basis of historical data collected from a run-to-failure dataset of MOSFETs
with the same specification. Finally, the closest historical model is matched to the currently
operating MOSFET. Thus, remaining useful life is predicted by the historical model. Thus,
the main contributions of the paper can be summarized as follows:

• Development of a Takagi–Sugeno framework for modeling MOSFET degradation
modeling based on run-to-failure historical data. Thus, instead of a large amount of
historical data, parameters of the historical models are stored.

• Development of an on-line estimation and inference scheme selecting a historical
model that is used for RUL prediction purposes.

• Development of an on-line approach for estimating an analytical exponential model
along with RUL prediction.

• Merging together Takagi–Sugeno data-driven and analytical approaches to form an
interval of RUL instead of a point prediction.

• Experimental validation of the proposed approach based on the NASA Ames Prog-
nostics Data Repository [23].

The paper is organized as follows. Section 2 provides background information on the
construction of MOSFETs and the potential causes of their failures. Moreover, the main
concept of RUL prediction and methods of MOSFETs’ degradation process modeling
are described. Section 3 presents the proposed multiple model-based T-S framework for
the MOSFETs’ degradation process modeling and RUL prediction. Section 4 exhibits
the validation results concerning the proposed framework applied to real data obtained
from the NASA Ames Prognostics Data Repository [23]. Finally, Section 5 is devoted
to conclusions.

2. RUL Prediction of Power MOSFETs
2.1. MOSFETs

Power MOSFETs are one of the most commonly used semiconductor components
in switching mode power supply systems. An advantage of such components is high
frequency switching. Moreover, the structure of power MOSFETs ensures that they can
handle a large amount of power. The design of such semiconductor devices allows using
them, among others, in electrical motor drivers where high-speed switching and durability
to a high current are very important. It is worth emphasizing that high voltage MOSFETs
have a different structure than the typical ones. The power MOSFETs have a vertical
structure, unlike typical MOSFETs (cf. Figure 1). This results in a vertical direction of
channel current flow. Moreover, the N-layer is divided into two more layers, which are
doped with high and low concentrations, to be able to withstand a high forward voltage.
The power MOSFETs, like any other technical devices, are prone to failure. Typical failures
of such systems are due to their natural limitations:
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• Maximum drain to source voltage: a nominal parameter of MOSFETs; exceeding the
limit voltage results in an uncontrolled mode conduction.

• Maximum drain current: in general, a drain current should not reach a border value.
However, there are momentary increases in the current, which are called a pulse of
drain current.

• Maximum temperature: specifies the maximum temperature of the junction, which
does not affects changes of functionality.

• Gate oxide breakdown: a decrease in gate dielectric thickness causes an increased
frequency of switching. A significant reduction of lifetime is noticeable when the
nominal gate voltage is exceeded, which possibly results in a failure.

Taking into account the above discussion along with the practical importance of
MOSFETs, it is evident that the development of new efficient RUL prediction methods
is of paramount importance both from practical and theoretical perspectives. Thus, the
objective of the next part of this paper is to settle such a challenging problem.

Figure 1. The structure of a power Metal Oxide Field Effect Transistors (MOSFETs).

2.2. RUL Prediction Concept

Numerous and important practical applications of power MOSFETs and their great
importance for the safety of other systems make it necessary to develop new RUL prediction
methods of such components. According to the diagram presented in Figure 2, power
MOSFETs start operating in a faulty mode when the selected degradation signal crosses
the fault threshold. This situation occurs at time td.

This fault may be caused by a natural aging process or by the destructive influence of
various external factors. The occurrence of a fault does not have to mean that the system is
completely unable to work, but it may mean a decrease in its effectiveness. If the factors
that caused the fault still affect the system, it may lead to its complete failure. This means
that the system is unable to work. Such a state is usually called End of Life (EoL). Thus, the
RUL can be perceived as the time from fault detection td to EoL at time t f .

The aim of the paper is to propose a methodology enabling RUL prediction of the
MOSFETs, and in particular, the determination of the so-called Time-To-Failure (TTF),
which is an estimate of the time remaining until the system fails. Figure 3 presents the
concept of the RUL prediction. The TTF is calculated from the time of fault detection td to
EoL at time t f . During the RUL prediction process, the accuracy of the RUL increases as
the TTF decreases. This phenomenon is illustrated by decreasing the uncertainty interval
of the RUL while approaching t f .
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Figure 2. Concept of Remaining Useful Life (RUL).

Figure 3. RUL prediction.

The idea of the proposed data-driven RUL prediction method is based on the applica-
tion of a group of T-S models representing MOSFETs subjected to a degradation process.
These models were obtained using the NASA Ames Prognostics Data Repository [23].
These data were generated using 42 power MOSFETs subject to thermal stress accelerated
aging. Subsequently, the obtained T-S models can be used for health assessment of the
currently monitored MOSFET. When a fault is detected in the MOSFET, the RUL prediction
phase of the component being diagnosed is initiated. The proposed mechanism relies on the
comparison of the currently tested MOSFET with information gathered during the training
process, and the closest T-S degradation model is chosen. Then, the remaining useful life
prediction is carried out and TTF is determined with the application of the developed
approach. The scheme of the proposed approach is illustrated in Figure 4. The objective of
the next part of this paper is to provide a comprehensive description of this scheme.
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Figure 4. Methodology of RUL prediction with Takagi-Sugeno (T-S) degradation model.

2.3. Methods of Modeling MOSFET Degradation Process

Each modeling process requires representative data that describe the behavior of
a given system. These data should reflect the range of MOSFETs produced during the
manufacturing process and the aging process. Accelerated aging is one of the best opportu-
nities to collect necessary data. This method allows preparing reliable information about
components without long-term reliability tests. This significantly reduces the time required
to start prognostic steps. Based on collected data, it is possible to develop prognostic
models. Figure 5 presents the scheme of an exemplary aging system, which consists of two
power MOSFETs. The first semiconductor operates under nominal parameters while the
second one is under thermal stress to accelerate aging. The use of two transistors enables
continuous comparison of values and determination of the end of the aging.

Figure 5. Scheme of MOSFET aging system.

In the literature, there are two main groups of methods used for accelerated aging, i.e.,
temperature-based and radiation-based [24,25]. The temperature-based accelerated aging
method requires a specific device to control and apply a given temperature. This type of
aging is often used to accelerate aging of electronics components in Prognostics and Health
Management (PHM) systems. However, the best solution is to use a thermal block (cf.
Figure 6), which allows controlling the temperature of a tested device and the its flow with a
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given temperature. This aging process results in increased drain-source ON-state resistance
(RON), which may lead to de-lamination and bond-wire cracking at the source terminal.

Heat Sink with Fan

Thermocouple
Modules

H
e

a
t F

lo
w

Thermo-electric Unit

Copper Block

Figure 6. Thermal block and its application for MOSFETs’ accelerated aging.

The second method used to accelerated aging is based on a radiation effect on power
MOSFET functionality [24]. In such a case, two dosage rates of radiation are used during
tests. The first one has a value equal to 1.0 krad/day and it is called a low dosage rate.
The second dosage rate is a higher one (3.3 rad/s), and it equals about 285 krad/day.
The application of the radiation-based approach results in decreasing the voltage threshold
and as a consequence a reduction of mobility as caused by oxide trapped charge and
interface charges.

One of the key elements of the designed RUL prediction system is to have appropriate
MOSFETs degradation models. There are several methods of system degradation modeling
in the literature, including knowledge-based models [13], life expectancy models [14],
artificial neural networks [15,26,27] and physical models [16].

Among the knowledge-based models the expert systems-based [28] and fuzzy rules [29]
models can be distinguished. Expert systems are advisory systems, which correspond to
the knowledge of human experts in a given field. They are based on collected and ana-
lyzed experiences that are applied to the system in the form of IF–THEN rules. The main
weakness of this solution is in the completeness of the gathered knowledge base. Any lack
of information may result in an incorrect system reaction under given operating conditions.
For this reason the knowledge database in expert systems should be constantly updated
and maintained. Unlike expert systems, which are based on true or false statements, fuzzy
logic systems are based on intertwine rules. Contrarily to expert systems, the rules in fuzzy
logic are imprecisely designed to enable a gradual membership to them. Fuzzy logic as well
as expert systems are also based on knowledge databases. By using only a few appropriate
fuzzy rules, it is possible to describe the modeled system better than when using the much
larger number of rules used in expert systems. Moreover, using fuzzy logic systems, it is
possible to obtain results even when data are incomplete and inaccurate. As in the case
of expert systems, the weakness of a fuzzy rule-based approach is the need for having
a complete knowledge database about the modeled system. Moreover, an appropriate
reasoning mechanism is required.

The life expectancy model relies on the determination of the systems’ components’
RUL with respect to the expected risk of deterioration for assumed operating conditions.
This class of methods can be divided into stochastic models [30] and statistical mod-
els [31,32]. Stochastic models, among which one can specify Bayesian networks [33],
Markov models [34,35], Bayesian techniques [36,37] and Kalman filters [38,39], are based
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on probabilities of failure of the system at a given time. The main assumption is that
the TTF for the same systems should be the same, and hence, it can be described by a
probability density function. Unfortunately, the accuracy of TTF estimates depends on
the population and rarity of failures. In other words, the considered failures must be
statistically independent and identically distributed [40]. If there is a small amount of data
related to a failure in the population, then the stochastic model will not function properly.
Moreover, in case of such methods a large amount of data is necessary to create the model.
Stochastic models, among which one can specify trend extrapolation methods [41,42] and
Autoregressive-Moving Average (ARMA) models [43,44], are based on the trend analysis
of system parameters or outputs, which are correlated with the system RUL. The disadvan-
tage of these methods is their susceptibility to varying operating conditions that affect the
measured values but are not related to system failure. Moreover, a large amount of data for
model construction and validation is required.

Artificial Neural Networks (ANNs) [45–47] belong to another class of methods that
can be used in system degradation modeling tasks. Artificial neural networks, such as
neuro-fuzzy networks [48], belong to the class of so-called black-box modeling approaches.
Models of this type are only intended to reflect the behavior of the modeled system
degradation process. The techniques of this type are especially attractive for modeling
complex and dynamic degradation processes. Unfortunately, the effectiveness of ANNs in
system degradation modeling tasks depends on the representativeness of the data used
during their training.

Physicals models-based approaches [49] are used when the analytical model describ-
ing the physical behavior of the degradation processes is known. Such behavior is usually
described by a series of dynamic ordinary or partial differential equations. Physical models
applied in RUL prognosis require the identification of at least one parameter, which can
specify the system. The disadvantage of modeling the degradation process using physical
models is the fact that detailed and complete knowledge about system behavior must
be delivered.

3. Multiple Model-Based T-S Framework MOSFET Degradation Modeling

The weaknesses and limitations of the methods presented in Section 2.3 indicate the
necessity for developing a new method for modeling MOSFETs’ degradation processes.
Let us start with the exponential model description, which will be exploited in both
analytical and fuzzy logic RUL layers. Exponential models belong to the group of the
most often applied models [50,51]. As was already mentioned, the concept of the proposed
approach relies on a combination of exponential models and a fuzzy logic framework.

At the beginning the following general form of exponential degradation model pre-
sented in [17,18] should be recalled:

xk = φ + θk exp

(
βktk + σkB(tk)−

σ2
k

2
tk

)
, (1)

where xk denotes the modeled degradation systems parameters, such as the drain-source
ON-state resistance RON (cf. Section 2.3), φ is the minimum value of xk, whilst unknown
parameters β, σ and θ describe the behavior of the system degradation model. Moreover,
tk represents time in sample k, and σB(tk) signifies a Brownian motion with the follow-
ing properties N (0, σ2tk). The model defined above can be transformed into a classical
logarithmic notation:

zk = ln (xk − φ) = ln (θk) +

(
βk −

σ2
k

2

)
tk + σkB(tk), (2)
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and subsequently to the following compact regressor form:

zk = rT
k pk, (3)

where rk = [1, tk]
T ∈ R2 and pk =

[
ln (θ), β− σ2

2

]T
∈ R2 are the regressor and a time-

varying parameter vector, respectively.
There are many methods detailed in the literature to estimate the parameter pk. Among

them, methods based on the Bayesian approach can be mentioned [17]. The main weakness
of such an approach is that the initial conditions of the estimation process are not specified.
Indeed, if xk is below a certain fault-free level then there is no need to update pk, as the
model has close-linear properties. To overcome this limitation, Li et al. [18] introduced
suitable improvements. However, the proposed approach is characterized by the disadvan-
tages of the original method [17], which did not use historical data for different run-to-fail
elements of the same type. In order to solve such a problem, the subsequent questions
must be answered:

Q1: How to provide on-line updating rules for (3) with the possibly less restrictive as-
sumptions on the uncertainty terms? They should be assumed bounded but it is
unrealistic to assume that they obey any particular distribution.

Q2: How to introduce (3) within the RUL prediction scheme for a currently performing
MOSFET?

Q3: How to use historical data to support fault diagnostics and assessment of the state of
the currently operating MOSFET?

Let us start with the data-driven framework, as the analytical one will constitute its
particular case.

3.1. T-S-Based Historical Data Approach

The aim of this part of the paper is to show how to take into consideration historical
data, which will support diagnostics and health assessment decisions. At the beginning
let us assume that the value φ = 0 in the relation (2). It should be emphasized that the
above assumption does not affect the quality of the model (2) because the value φ can
be subtracted from xk [17,18]. Indeed, as shown in Figure 2, the fault level corresponds
to the threshold maximum threshold φ̄. Thus, crossing this threshold is equivalent to
turning the MOSFET into a faulty condition. From that moment, an on-line updating of the
degradation model should be started. Under the above assumption a signal expressing
system degradation zk = xk can be defined, which is formally described using the drain-
source ON-state resistance RON . Moreover, such a signal can be bounded as follows:

z ≤ zk ≤ z̄, (4)

where z ≥ 0 denotes the minimum level from which the system is considered not to be
fully functional while zk ≤ z ≤ φ̄ denotes normal healthy state of the system.

The level z̄ > 0 stands for the maximum allowable degradation level. Thus, if a
MOSFET reaches this level then it is considered as a damaged one. The interval (4)
representing the level of the system degradation (cf. Figure 2) can be used to calculate the
TTF [52] indicator. In particular, it represents a time from the current state of the system
degradation zk to the state when the system reaches a damage level z̄.

The proposed approach assumes that (4) can be divided into n sub-intervals, which are
called degradation. Moreover, such classes can be uniformly spread out over the interval (4):

si = z + (i− 1)
z̄− z
n− 1

, i = 1, . . . , n. (5)
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Each of the above classes is associated with a triangular membership function shaped
with [53]:

ai = bi−1, bi = si, ci = bi+1, i = 2, . . . , n− 1,

a1 = b1, cn = bn, (6)

where ai, bi, ci are the parameters that define the properties of the ith function (cf. Figure 7).

Figure 7. MOSFET degradation classes shaped by membership functions.

Representation of the system degradation with the use of membership functions
allows to model this process in a T-S [19] form with the class model given by:

IF zk ∈ Mz,i THEN zk = rT
k pi + vk, i = 1, . . . , n, (7)

where Mz,i is the fuzzy set associated with the ith membership function (6) and vk describes
the uncertainty arising from measurement and modeling inaccuracies.

It should be noted that the fuzzy sets shaping (7) cover a feasible degradation spectrum
from healthy (z) up to damaged (z̄). Thus, the degradation classes shaped by membership
functions portrayed in Figure 7 can be easily explained and interpreted by humans. Addi-
tionally, from Figure 7, it can be seen that for any z ≤ z ≤ z̄, at most two IF–THEN rules
are applied. Taking into consideration the fact that each IF–THEN rule is associated with
the exponential model (3), the output of the proposed T-S framework is a fusion of two
exponential models (3). As a result, a clear physical explanation of the T-S output can be
stated in the sense of the system health assessment and prediction. The T-S representation
of the considered system (7) can be redefined to the following form:

zk =
n

∑
i=1

µi(zk)
(

rT
k pi + vk

)
, with

n

∑
i=1

µi(zk) = 1, and µi(zk) ≥ 0, (8)

where µi(zk) for i = 1, . . . , n denotes the normalized ith rule firing strength obtained on the
basis of the triangular shape (6) and pi represents a parameters that should be estimated.
To enable parameter estimation the system given by (8) has to be rewritten as:

zk = r̄T
k p̄ + vk, (9)

where r̄ = [µ1(zk)rT
k , µ2(zk)rT

k , . . . , µn(zk)rT
k ]

T denotes the regressor and p̄ = [(p1)T , . . . ,
(pn)T ]T is the parameters vector.

An analysis of relation (9) shows that values of the system degradation zk depend on
2n parameters included in p̄ ∈ R2n. It should be underlined that for numerous practical
applications the number of degradation classes n is rather small. Moreover, several of
µl(zk) correlated with a given class are inactive until the degradation process intensifies.
In such cases some elements of the regressor vector are equal to zero, which significantly
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complicates the estimation process. This is the reason why triangular membership functions
are employed. From Figure 7, it can be seen that for any xk only two membership functions
are active. In such a case the relation (8) can be rewritten as:

zk = µi(zk)rT
k pi + µi+1(zk)rT

k pi+1 + vk, µi(zk) + µi+1(zk) = 1, µi(zk) ≥ 0, (10)

for i = 1, . . . , n− 1. In this way, a partial answer to Q2 is provided. Thus, while a new
data sample is arriving, neighboring models are selected (see (10)), which in total con-
tain four parameters only. This enables fast and reliable parameter estimation. Moreover,
the entire approach was developed in such a way that at any time a new historical model
can be introduced, and hence, the quality of the entire framework improves over the
time history.

Another important factor affecting the process of parameter estimation is the assump-
tion related to the character of the disturbances and modeling uncertainty represented by
the vector vk. In numerous articles the knowledge of the statistical nature of these distur-
bances is assumed, e.g., normal distribution or the expected value is equal to zero [54].
Unlike the methods used so far in this article, it is proposed to assume that the values of vk
are bounded by a known upper bound of v̄:

|vk| ≤ v̄. (11)

In such a way the first part of Q1 is answered. Indeed, in such a case the value of v̄ is
perceived as a maximum difference between (10) and zm,k:

|zk − zm,k| ≤ v̄, (12)

where zm,k is the output of the degradation model:

zm,k = µi(zk)rT
k pi

l + µi+1(zk)rT
k pi+1

l , (13)

µi(zk) + µi+1(zk) = 1, µi(zk) ≥ 0, i = 1, . . . , n− 1.

The primary advantage of the proposed framework boils down to storing the param-
eter vector p̄l = [(p1

l )
T , . . . , (pn

l )
T ]T opposite to a possibly big dataset representing the

information about degradation. This also signifies an answer to the first part of Q3.
In order to achieve p̄l , various recursive parameter estimation algorithms can be

used [55]. One of them, which belongs to the class of so-called bounded error
approaches [56,57], is the Quasi-Outer Bounding Ellipsoid algorithm (QOBE) [56]. This al-
gorithm is characterized by a simplicity and performance comparable to the Recursive
Least-Square (RLS) [58] one. It recommends its application to the on-line updating of
degradation model parameters. Thus, by adapting the QOBE algorithm, the estimation
of (13) is realized by the following algorithm:

Step 0: Assume the initial parameters: k = 1, pj
0 = 0 for j = 1, . . . , n, moreover Pi

0 = ρI for
i = 1, . . . , n− 1, wherein ρ > 0.

Step 1: Obtain a set of active sub-models:

i = {j : µj(zk) + µj+1(zk) = 1, for j = 1, . . . , n− 1}. (14)

Step 2: Assume:

ri
k = [µi(zk)rT

k , µi+1(zk)rT
k ]

T , wi
k = [(pi

k)
T , (pi+1

k )T ]T . (15)

Step 3: Obtain:

ei
k = zk − (ri

k)
Twi

k−1. (16)



Energies 2021, 14, 2135 11 of 23

Step 4: If |ei
k| > v̄, then calculate:

gi
k = (ri

k)
T Pi

kri
k, (17)

λi
k =

gi
k

|ei
k |
v̄ − 1

, (18)

Pi
k = (λi

k)
−1
(

Pi
k−1 − Pi

k−1ri
k(r

i
k)

T Pi
k−1(gi

k)
−1
)

, (19)

wi
k = wi

k−1 + Pi
kri

kei
k, (20)

else:

Pi
k = Pi

k−1, (21)

wi
k = wi

k−1. (22)

Step 5: Set k = k + 1 and go to Step 1.

The above five-step algorithm can be used for designing a set of T-S models corre-
sponding to run-to-failure historical data of nh MOSFETs. The algorithm also completes
the answer to question Q1 pertaining to preserving historical data in a possibly compact
way.

Based on the algorithm for designing T-S historical models, an on-line algorithm for
determining exponential model (3) can be easily derived. Indeed, it can be realized by
removing Step 1 and Step 2 from the above five-step algorithm, which results in:

Step 0: Assume the initial parameters: k = 1, p0 = 0, P0 = ρI, and ρ > 0.

Step 1: Obtain:

ek = zk − (rk)
Twk−1. (23)

Step 2: If |ek| > v̄ then calculate:

gk = (rk)
T Pkrk, (24)

λk =
gk

|ek |
v̄ − 1

, (25)

Pk = (λk)
−1
(

Pk−1 − Pk−1rk(rk)
T Pk−1(gk)

−1
)

, (26)

wk = wk−1 + Pkrkek, (27)

else:

Pk = Pk−1, (28)

wk = wk−1. (29)

Step 3: Set k = k + 1 and go to Step 1.

Having the above-proposed five-step and three-step algorithms, it is possible to
propose an entire RUL estimation framework, which is presented in Figure 8.
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Figure 8. Flowchart of the proposed framework.

Let us start with pointing out the fact that nh historical T-S models are stored in
the Historical T-S models repository. It starts with selecting a currently operating Power
MOSFET for RUL analysis. The next step is reduced to ON-state resistance RON determi-
nation, which undergoes Median filtering. The subsequent point boils down to calculating
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the degradation signal zk, which is defined as On-state residual resistance. The values of
zk = ∆RON,k are determined as follows:

∆RON,k = RNON − RON,k, (30)

where RNON is a nominal on-state resistance RON whilst RON,k stands for one of the cur-
rently operating MOSFETs. Similarly, a percent change counterpart of (30) can be easily
defined as:

δRk =
∆RON,k

RNON

× 100[%].

After this important step, the degradation signal zk is fed to T-S model update and
Exponential model update.

These two update mechanisms perform according to the five-step and three-steps al-
gorithms, respectively, and they result in two different degradation models of the currently
operating MOSFET. The objective of further deliberations is to:

• Perform Closest historical T-S model selection.
• Introduce the run-to-failure-based Historical T-S models repository for obtaining the

RUL of a currently operating MOSFET.
• Use an exponential model (3) for obtaining an alternative RUL prediction.
• Perform an RUL fusion resulting in an RUL interval.

The realization of the above tasks constitutes final answers to questions Q2 and Q3.
As can be observed in Figure 8, after each iteration of the T-S model update the closest

historical T-S model is selected for prediction purposes. This task is formally described by
the optimization problem:

l = arg min
l=1,...,nh

Qi
l , Qi

l =
(

µi(zk)rT
k (pi

l − pi) + µi+1(zk)rT
k (pi+1

l − pi+1)
)2

. (31)

Having the lth T-S model, which is the closest one in the sense of (31), the prediction
of the TTF tTS, f is performed:

fTS =
z̄− pn

1,l

Ts pn
2,l

, tTS, f = Ts × fTS. (32)

where n signifies the sub-model of the lth model for which the failure threshold z̄ was
attained. Finally, the T-S-based RUL is calculated:

RULTS,k = ( fTS − k)Ts. (33)

Similarly, after each iteration of the exponential model (3) update, the TTF and RUL
are calculated as follows:

fE =
z̄− p1

Ts p2,l
, tE, f = Ts × fE, (34)

RULE,k = ( fE − k)Ts. (35)

Finally, according to Figure 8, both RULs are fused to obtain a RUL interval, which is
given by:

RULk = [min(RULE,k, RULTS,k), max(RULE,k, RULTS,k)]. (36)

Having a complete RUL estimation framework, the objective of the next section is to
perform a comprehensive experimental validation of the proposed approach.

As a final remark, it should be stated that the proposed RUL fusion always generates
a feasible RUL interval. The worst cases of this interval are generated by either exponential
or historical T-S models. Note that the former one can efficiently model a general degra-
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dation trend while the latter one makes it possible to incorporate a specific component
behavior. Indeed, such behaviors are accumulated within the historical model database,
which exhibits particular use cases. Thus, even though using historical T-S models some
RUL fluctuations can be expected, they are fully justified by the same fluctuating behaviors
in the past. Finally, it should be pointed out that the final decision is undertaken based on
the RUL interval, which covers all above-mentioned behaviors.

4. Validation of the RUL Prediction Framework
4.1. Power MOSFETs Data Processing

As was already mentioned, datasets from the NASA Ames Prognostics Data Reposi-
tory [23] were used for the validation purposes. In particular, the data containing measure-
ments of the 42 power MOSFETs under thermal stress accelerated aging provided in [59]
were applied during the experiments. The detailed description of the IRF520NPbF in a
TO-220AB package is given in [60]. The IRF520NPbF MOSFETs were designated using
HEXFET technology, i.e., the hexagonal structure, where a silicon oxide layer between the
gate and source regions can be punctured by exceeding its dielectric strength. The consid-
ered MOSFETs use advanced processing techniques to obtain a very low on-resistance per
silicon area. They can operate in a wide temperature range from −55 to +175 ◦C. These
features combined with the fast switching speed make this system a very efficient and
useful one in a wide variety of applications. It should be underlined that the IRF520NPbF
MOSFETs are voltage-controlled elements and they can be connected directly to high-
resistance sources. Therefore, they are suitable for use as switches and analog amplifiers.
The MOSFETs being used are characterized by the following parameters:

• Drain-to-source leakage current of −25 µA;
• Maximum continuous drain voltage of −100 V;
• Continuous drain current of −9.7 A;
• Minimum gate threshold voltage of −2 V;
• Maximum gate threshold voltage of −4 V;
• Internal drain inductance of −4.5 nH;
• Internal source inductance of −7.5 nH.

All tested transistors had the same ratings and type; however, they differed in the
sense of their actual run-to-failure behavior. In spite of having the same type, they differed
in the sense of their initial resistance. The histogram showing their resistance distribution
is shown in Figure 9.
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Figure 9. Histogram of nominal resistance.
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Concerning the aging process, following [59], the thermal cycling process was realized
by feeding MOSFETs with suitable power cycles, and hence no external heat devices were
employed. Moreover, the MOSFET temperature was measured and then directly employed
as a control input for the application performing thermal cycling. To perform power cycling,
the applied gate voltage had a form of a square wave characterized by a 15 V amplitude,
1 KHz frequency and a duty cycle of 40%. Moreover, the drain source was biased with
4 V DC while applying an additional load of 0.2 Ohm to the collector gate. Finally, the
entire aging methodology is described in detail in [61]. Although the proposed approach is
to be validated on the above MOSFET database, it can be used for any kind of electrical
components in which either exponential or fluctuating RUL behavior can be expected. This,
however, requires collecting a dataset such as the one described in [59].

Note that only values of drain source voltage VDS and drain current ID during the
on-state gate were considered. Figure 10 shows exemplary data gathered from the 26th
MOSFET. The drain current value decreases over time and the value of the drain source
voltage increases.
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Figure 10. Current, voltage and resistance of the 26th MOSFET.

Using ID and VSD it is possible to compute the on-state resistance RON of the MOSFETs.
As depicted in Figure 8, the on-state resistance RON was filtered using a median filter.
Finally, Figure 11 presents filtered and unfiltered residual on-state resistance, which pertains
to the 26th MOSFET. Let us remind the reader that this residual resistance is the degradation
signal zk, which is used in the subsequent part of this paper.

The filtering process should be realized for all MOSFETs. However, for illustration
purposes the degradation signals for six selected MOSFETs are presented in Figure 12.
It should be noted that MOSFETs 6, 13 and 23 did not exhibit an exponential behavior. Thus,
in this case, the standard exponential model should not be a judicious choice. Contrarily,
the T-S model is capable of handling such a behavior. Thus, if the prospective MOSFET
exhibits a similar behavior then it is expected that the proposed framework will respond in
a desired way.
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Figure 11. δR and filtered δR for MOSFET 26.
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Figure 12. Exemplary filtered degradation signals for MOSFETs 6, 13, 23, 24, 26 and 36.

4.2. Design of Historical Model Repository

The determination of historical models was carried out in accordance with the method-
ology presented in Section 3.1. For that purpose, the following parameters were selected:
Ts = 0.85s, z = 0.01, z̄ = 0.65, n = 100, v̄ = 0.1, ρ = 1e4, nh = 20 and n = 10. This means
that 20 MOSFET models (No. 1, 2, 5, 6, 8, 10, 11, 13, 14, 15, 16, 21, 24, 25, 26, 29, 32, 33,
38 and 40) were selected for the historical repository whilst the degradation process was
divided into 10 classes. Moreover, the same parameters are used in the remaining part of
the paper. Figure 13 shows an exemplary result of the modeling process pertaining to the
13th MOSFET.
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Figure 13. Exemplary learning results for the 13th MOSFET.

The number of classes can be, of course, extended depending on the degradation
variability. Indeed, Figure 14 presents the T-S model for the 25th MOSFET, which contains
31 sub-models.
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Figure 14. Exemplary learning results for the 25th MOSFET.

4.3. RUL Estimation and Prediction

On the basis of the gathered historical models, the RUL prediction algorithm proposed
in the preceding section was examined with the application of the MOSFETs not included
in a historical model repository of nh = 20 transistors. Figure 15a shows RUL estimation
results for the 36th MOSFET after 35% of its real life time. According to (31), the proposed
algorithm selected a historical model, which was the closest to the one currently operating.
In parallel, the parameters of the exponential model were calculated and it was also used
for prediction purposes. The resulting RUL and TTF prediction process is presented in
Figure 15a,b.
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Figure 15. RUL and Time-To-Failure (TTF) analysis of the 36th MOSFET after 35% of its real lifetime.

Note that the TTF for the exponential model was equal to 280 min while for the
T-S-based one is was 200 min. As a result, they form a suitable TTF interval, which can also
be observed in the case of RUL.

A similar analysis was performed after 55% of the entire MOSFET lifetime. The results
are presented in Figure 16a. In this case, the estimation error provided by the T-S model
was around 7%. However, for the purposed decision the entire RUL interval should be
taken into account.
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Figure 16. RUL and TTF analysis of the 36th MOSFET after 55% of its real lifetime.

The subsequent experiment pertains to the 23rd MOSFET, whose degradation signal
did not exhibit an exponential nature. This MOSFET was intentionally selected to expose a
behavior that is usually avoided in the approaches presented in the literature. Figure 17a
presents the result of RUL and TTF analysis after 105 min (45%) of its entire lifetime. In this
case, the exponential model definitely provided more pessimistic results than the ones
obtained with the T-S framework.

Similar behavior can be observed after 65% of the entire lifetime. The obtained
results are shown in Figure 18a. Again, the T-S model exhibited an error at the level of
6%. However, the entire RUL interval has to be taken into account while performing a
final decision.

To make a fair performance assessment of the proposed approach, a comparative
study with alternative solutions proposed in [59] was carefully performed. An alternative
list of approaches operating on the same dataset were composed of:
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• Gaussian process regression;
• Extended Kalman filter;
• Particle filter.

The obtained comparative study results for 35% of the entire lifetime are presented in
Figure 19a. From these results, it is evident that proposed approach is superior over the
others. The extended Kalman filter as the well as the particle filter behaved similarly to the
proposed exponential models. This is caused by the fact that they have similar modeling
roots. As expected, the particle filter dealt with nonlinearities in a more reliable way, and
hence, its behavior was close to that of the exponential model.

Another comparison was realized after 55% of life (Figure 19b). As this is closer to
the end of the entire lifetime, all methods provided better results. Thus, behavior is fully
natural the closer the failure, and the easier it is to predict it. Nevertheless, the proposed
approach still exhibited its superiority over the ones employed in [59]. Moreover, it should
be pointed out that a comparison after 75% was also performed. The answers of alternative
approaches were closer to the ones proposed in this paper. However, the general tendency
was the same, and hence the presentation of these results was omitted.

In spite of the unquestionable appeal of the alternative approaches, they provide a
point estimate of RUL without taking any historical MOSFET behavior into account. Con-
trarily, the proposed approach is based on a fusion of exponential and T-S actual/historical
models resulting in an interval estimate of RUL. Such an interval is easier and more reliable
at the level of final reasoning about MOSFET health.
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Figure 17. RUL and TTF analysis of the 23th MOSFET after 45% of its real lifetime.
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Figure 18. RUL and TTF analysis of the 23th MOSFET after 65% of its real lifetime.
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Figure 19. Comparison of RUL predictions by different methods.

5. Conclusions

In this paper, a novel joint analytical and data-driven health prognostic framework
based on fuzzy logic was developed. The proposed approach is empolyed to enable the
estimation and prediction of the RUL of any technical system. The idea behind the devel-
oped method is to use the Takagi–Sugeno multiple models-based framework for modeling
of system degradation processes and RUL prediction. Unlike the conventional methods,
the proposed approach designed on the basis of the analytical model and historical data
forms an uncertainty interval containing an expected remaining useful life. Such a strat-
egy enables effective support of diagnostic decisions in numerous practical cases. The
proposed approach was validated using real data for power MOSFETs obtained from
the NASA Ames Prognostics Data Repository. In the proposed method the status of the
currently operating MOSFET was determined taking into consideration the knowledge
obtained from the preceding MOSFETs, which went through the run-to-failure process.
The performed MOSFET RUL prediction process enables the determination of the so-called
time-to-failure along with its uncertainty interval, which enables earlier replacement of
the diagnosed component before the failure of the entire system occurs. The developed
approach is characterized by a low computational burden, which is very important during
monitoring the health of systems in real time. Finally, this approach can be recommended
to apply in diagnostic systems as a health-aware control system.

Apart from the above-listed features, the proposed approach has several prospective
applications with a high practical importance. Indeed, the health of each asset containing
MOSFETs can be individually assessed. Thus, having a fleet of such assets, e.g., a wind
farm, it is possible to distribute the workload between them, which will maximize the worst
RUL of the fleet. The same RUL-based strategy can be used for scheduling maintenance
within the fleet as well as the optimization of preordering and procurement of spare parts.

Finally, it should be noted that the results presented in this paper are based on an
accelerated aging dataset. This approach enables faster verification of the proposed RUL
estimation and prediction methods. Basically, there is no difference between data coming
from real systems and systems with accelerated aging. The behavior of the considered
MOSFETs is the same in the both cases, as was presented in several papers [62–64] and
references therein. The obtained results clearly indicate and recommend the application
of the obtained approach to MOSFETs operating under normal operation conditions.
The results presented in this paper are solely based on the NASA dataset pertaining to a
fixed temperature of operating transistors. Indeed, the obtained results clearly indicate that
the proposed approach provides good estimates of transistors’ remaining useful life. This
raises the need for subsequent experiments under various working temperature scenarios.
Thus, the objective of future developments is to design a benchmark circuit capable of
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handling such requirements. This will allow to compare the failure activation energy found
between state-of-the-art models and the proposed one.
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