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Abstract— This paper proposes a novel approach for Re-
maining Useful Life (RUL) forecasting using interval model-
based prognostics techniques based on zonotopes without prior
knowledge of the degradation behaviors of the system. Although
Kalman filtering techniques have proved their estimation ability
with Gaussian noises, an interval approach with zonotopic
sets technique has been integrated for optimal estimation of
parameters with unknown-but-bounded noises. Moreover, the
proposed model-based prognostics technique has been applied
to a DC-DC converter described as a nonlinear dynamical
system affected by degradation behaviors. Thus, the estimated
degraded parameters are adopted in the RUL prediction
technique that propagates the zonotopic sets until the End-
of-Life (EoL) of the system. In general, the technique is
split into estimation and prediction phases using Zonotopic
Extended Kalman Filter (ZEKF) to deal with the nonlinearities
of the system and compute the optimal observer gain. A DC-
DC converter case study in simulation is used to illustrate
the utilized techniques and the simulation results prove the
effectiveness.

I. INTRODUCTION

States estimators play an important role in the reliability
assessment for critical engineering applications [1]. The
latter include power electronic circuits that are as complex
as their control process being subject to permanent and
intermittent faults [2]. Therefore, predicting such faults has
become critical for providing high operational availability
of electronics-rich systems. However, the intermittent faults
are unpredictable in such systems [3]. Furthermore, this
paper is focused on faults that are particularly described by
slow degradation profiles. The latter affect the performance
of the system due to its harsh operating conditions, such as
electrical and thermal overstress [4]. Consequently, advanced
preventive maintenance and monitoring shall be required
for the Prognostics and Health Management (PHM). Since
the prognostics techniques could be considered as one of
the most challenging aspects [5], not all their aspects have
been covered yet [6]. Whereas, the basic system monitoring
consists of historical data collection and storage, the
prognosis aims to provide an on-line prediction of the RUL
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of the power electronic devices [7]. Hence, historical data
could be aggregated from Accelerated aGing Experiments
(AGE), also known as run-until-failure tests, to characterize
all the possible degradation aspects.
Previous works in [2] and [8] have shown the estimation
ability of Extended Kalman Filter (EKF)-based estimators
in the presence of Gaussian uncertainties. Two Physics-
of-Failure (PoF)-based techniques have been associated
to track the evolution of the most essential degraded
parameters, MOSFET and Electrolytic Capacitors (ECaps).
Hence, the state-space model of the system will consist
of discrete-time with varying parameters characteristics.
Furthermore, the huge industrial applications and critical
power electronic devices in autonomous vehicles and
airplanes imply economical constraints as well as risky
decision making in terms of preventive maintenance. The
burden on RUL forecasting requires reliable estimation base
for an accurate prediction.
Explicitly, from a mathematical point of view, the stochastic
estimators as KFs deal with linear systems in presence of
Gaussian white noises. Hence, for nonlinear systems, EKF
can be applied by computing the covariances using the
Jacobian of nonlinear functions. Additionally, the prediction
matrices are normally updated by real-time measurements
with stochastic noises [9], [10]. Alternatively, most of real
applications are subject to non-Gaussian noises. Thus, the
set-membership does not require any assumption about the
probability distributions and rely on unknown-but-bounded
uncertainties. Similarly to the interval approach [11], both
of them belong to the family of deterministic approaches
[12]. Furthermore, there exists a few geometric sets for its
applications such as ellipsoidal state sets, polyhedrons and
zonotopes [13], [9]. Exploiting the representation of the
zonotopic-sets clearly shows its computing simplicity when
propagating the uncertainty sets.
It is interesting to consider the optimal gain design with
the hybridization between KF and zonotopes proposed [13]
to deal with discrete nonlinear parameter varying systems
using the so-called ZEKF. Hence, following the logic of
EKF and linearizing using the Jacobian method by applying
the optimal criterion of the zonotopic gain, bounding sets for
states and parameters in zonotopic shapes can be obtained
for the degraded DC-DC converter application.

This paper adopts the ZEKF technique for parameter
estimation of dynamical systems with slow variations of
parameters. Thus, the novelty is based on taking advantage
of the estimated zonotopic sets for the calculation of RUL



prediction without a prior knowledge of the degradation
model.
This paper is organized as follows. Section II represents
the problem statement and its formulation. The ZEKF
algorithm for estimation is explained in section III. In
Section IV, the proposed ZEKF-based RUL forecasting
approach is described. Section V is dedicated to present the
DC-DC converter case study and simulation results. Finally,
conclusions and perspectives are drawn in Section VI.

II. PROBLEM STATEMENT
Prognostics techniques intend to forecast the RUL either

by implementing model-based methodologies or data-driven,
depending on the complexity and the probability of faults.
Although continuous monitoring and online surveying could
maintain the system operations, it would lead to cut-offs
due to optimistic protection or expensive maintenance due to
over-protection. Essentially, the PoF of the power electronic
devices have taken an interesting phase for model-based
prognostics by providing empirical degradation model which
can be analytically applied. Although the aforementioned
studies deal with component-level prognostics, the corre-
lation of the power electronic components in the system
points out to a higher level prognosis. Hence, for system-
level prognosis, the RUL of the system could be based on the
EoL of the most affected components in the system. Hence,
ZEKF approach has been adopted for the estimation of states
and parameters in addition to the RUL prediction.
Figure 1 illustrates the general vision of the problem state-
ment. As shown, three main stages characterize the system:
degradation modeling, ZEKF-based states and parameters
estimation and RUL prediction bounds.

Fig. 1. Problem statement of the PHM architecture.

Model Structure
Consider a nonlinear discrete-time state-space model

where its dynamics are function of a time-varying parameter
δ: {

xk+1 = Akxk +Bkuk + Eωωk,
yk = Ckxk +Dkuk + Eυυk,

(1)

where, Ak, Bk, Ck and Dk are functions of the time-varying
parameter δk which affects the dynamics of the model due to

its degradation as follows: A(δk), B(δk), C(δk) and D(δk).
xk ∈ Rnx represents the state vectors augmented with the
parameter δk. yk ∈ Rny is the output vector and uk ∈ Rnu
denotes the inputs. Ak ∈ Rnx×nx , Bk ∈ Rnx×nu , Ck ∈
Rny×nx and Dk ∈ Rny×nu are the state, input, output and
feed-through matrices respectively, with Rn is a set of n-
dimensional real numbers. Additionally, ωk ∈ Rnx and υk
∈ Rny are the process and measurement noises respectively
which are assumed to be unknown but bounded. Both Eω
and Eυ represent the distribution matrices for the process
and measurement noises.
Moreover, x0 ∈ Z〈c0, H0〉 ⊂ Rnx . Where, Z〈c,H〉 ⊂ Rn,
is a zonotope with center c ∈ Rn and a generator matrix
H ∈ Rn×q . ω = 〈cω, Hω〉 and υ = 〈cυ, Hυ〉 are assumed to
be bounded by the unitary hypercube zonotope centered at
0, as follows: [13], [12]

∀k ≥ 0, ωk ∈ [−1, 1]nω and υk ∈ [−1, 1]nυ , (2)

where, k ∈ N denotes the discrete time-step. Henceforth, for
the sake of simplification, the state-space matrices with time-
varying parameters A(δk), B(δk), C(δk) and D(δk) will be
represented, in the following, by Ak, Bk, Ck and Dk respec-
tively.

III. ZEKF FOR STATES AND PARAMETERS SETS
ESTIMATION

A. Zonotopic Observer Strucutre

The design of a zonotopic observer consists of the center
and the generator matrices of the zonotopic sets. Unlike the
KF-based observers, unknown-but-bounded noises will be
considered instead of the Gaussian probability density func-
tions. Hence, the Jacobian will be calculated for the nonlinear
functions to rhyme with the EKF original algorithm. Finally,
the bounding sets of the ZEKF are as follows:

ck+1 = (Ak −GkCk)ck + (Bk −GkDk)uk +Gkyk,

Hk+1 =
[
(Ak −GkCk)H Eω −GkFυ

]
,

(3)

where, H =↓q Hk and ↓q represents the reduction matrix.
Gk represents the time-variant observer gain.
The step-ahead state xk+1 satisfies x ∈ Z〈c,H〉, ∀k ≥ 0:

xk+1 = Akxk +Bkuk + Eωωk +Gk(Yk − ŷk), (4)

where, Y is the measured output vector and ŷ is its estimation
and the linearization process is done as follows:

Ak =
∂f

∂x

∣∣∣
xk,uk

, Bk =
∂f

∂u

∣∣∣
xk,uk

and Ck =
∂g

∂x

∣∣∣
xk,uk

. (5)

B. Optimal Gain

Computing the optimal gain G∗ can be achieved by min-
imizing the FW -radius, which is a criterion introduced with
the previously mentioned reduction operator. It also has the
same size of the zonotope Z〈ck+1, Hk+1〉 as referred in [13].
As defined in this reference, the FW -radius of a zonotope
Z is the Frobenius norm of H : ||〈c,H〉||F = ||H||F .



Moreover, the obtained optimal gain G∗ can lead to equations
similar to those of the KF.

G∗ = AK∗, (6a)

K∗ = LS−1, L = PCT , S = CPCT +Qω, (6b)

where the covariation matrices are as follows,

P = HHT , Qω = FFT ,

P = H H
T

= cov(↓q H)is the covariation of Z.
(7)

The author also states that minimizing the F -radius of a
zonotope Z〈ck+1, Hk+1〉 is equivalent to minimizing the
trace of its covariation Pk+1 = Hk+1H

T
k+1.

C. ZEKF Estimation Algorithm

Considering the nonlinear discrete-time parameter varying
system in (1). The estimation algorithm keeps the structure
of the EKF filtering equations. However, the new optimal
gain G∗ is introduced to the time-varying state equation in
(4). Consequently, by implementing the zonotopic equations
in (3), the resulted states are bounded in a zonotope. Here
follows the ZEKF algorithm, after affecting the system
parameters by the empirical degradation models:

Algorithm 1: ZEKF Algorithm

Output: Estimation of the states bounds: x̂ and x̂.
Initialization : the vectors of states, the state-space
matrices and the zonotopes

1: for k = 1 to N do
2: Computation of the Jacobian matrices

of A, B and C after discretizing the state-space
3: Calculation of Hk =↓q Hk, P k, Qωk
4: Computation of the equations in (6)
5: Computation of the center ck+1 and the generator

matrix Hk+1 as in Equations (3)
6: Creation of the zonotopic interval: 〈ck+1, Hk+1〉
7: Update the estimated sets of states:

x ∈ [c− h, c+ h] for the next iteration
8: end for

The interval for estimated states, [x, x] can be obtained
from H , by calculating the interval hull of the zonotope
allowing to determine h.

IV. PROGNOSTICS APPROACH

A. Proposed PHM Architecture

In broad, the reliability assessment requires trustworthy
and efficient estimation. Given that the characteristics of
the power electronic devices are different, the treatment
of every component in the system would be a complex
burden. Consequently, the proposed approach depends on
the historical data as references of the probabilities of
failure of the components considering that have different
degradation manifolds due to their PoF. Thus, a system-level
approach should consider the estimation of all the degraded
components in the system. Whereas, the whole system could

fail if a power electronic switch or a capacitor degrade to
a certain limit. Hence, the extensive AGE have analyzed
the behavior of the aforementioned components in order
to define their EoL or the threshold which imposes urgent
maintenance or indicates a complete failure.
Moreover, the bulk of components are operating in the same
environmental conditions. Thus, with the help of the AGE
data, the simulation of the empirical models have defined
degradation rate with the inter-effects of the components in
such systems.
Consequently, the proposed prediction method relates the
RUL decision of the system to the component which is
degrading the most. Thus, the parameter estimation is the
decision base of the RUL of the whole system in an accepted
interval. Critical applications and pessimistic usages could
make decisions concerning the maintenance in accordance
with the online measurement of the lower bound of the
RUL. While, in contrary for optimistic usages that can go
up to the higher bound of the RUL.

Figure 2 illustrates the whole proposed PHM algorithm
which is divided into three main stages to deal with the
different algorithmic procedures:

Fig. 2. Proposed PHM flowchart.



Stage 1: System modeling and features extraction
• The modeling of the plant comes in the healthy oper-

ating mode as a first step of the analytical study. Thus,
it is crucial to specify the sensors and the measurement
devices precision and noise power for further applica-
tions.

• The system characteristics are important to extract the
environmental working conditions, the limitations of the
parameters in order to establish a study about their
physics of failure.

• The AGE help building a database used for statistical
analysis of the behaviour of the power electronic com-
ponents. Thus, the degradation analysis is numerically
calculated for the next step. The degradation data are
available online from the data repository of the prog-
nostics center of NASA.

• The previous step leads to generalize degradation equa-
tions for each and every tested electronic components.
Hence, empirical models infect the healthy operation
mode to create the degraded state-space models of the
whole system.

• Finally in stage 1 of prognostics study, a global model
has to be generated either using model-based or data-
driven techniques for the simulation study of the PHM.

Stage 2: Parameters estimation and health monitoring
• The ZEKF technique is responsible of estimating the

sets of states of the global model for the k+1 iteration.
In parallel, the slow-variation are also estimated using
the advanced filtering techniques due to the difficulty
of them to be directly measured.

• The system is continuously monitored to detect any
sudden fault, allocate it and then isolate it. This process
is traditionally known as fault diagnosis and it is based
on the estimation done in the previous step. in case of
fault, the system will take decision by a human interface
or it could be self-cleared depending on its intensity.
However, for the non-faulty condition, the prognosis
algorithm will take place in order to estimate the RUL
of the system.

Stage 3: RUL prognosis
Independently of the degradation knowledge, the RUL

forecasting algorithm considers the zonotopic parameter sets
as inputs. At each time step, the fault prognosis algorithm
fits the measured parameter zonotope with a polynomial
equation which updates its variables at each iteration. A
linear EoL-RUL equation is optimistically assumed in the
prognosis profile. Moreover, the algorithm runs in online
mode and it converges at each iteration. It is also assumed
that the component break-through threshold is the stopping
criterion, the EoL of the system. Therefore, the expected
results are intervals of RUL function of operating time,
where the trusted region lies inside. The simulation results
in Section V, numerically explains the robustness of this
proposed technique. Algorithm 2 presents the procedure
used to compute the intervals of the RUL.

Algorithm 2: RUL Forecasting Algorithm
Output: forecasting of the RUL intervals.

Prerequisites :
• At k = 1, assume that the EoL of the system is

the same as the expected operation time by the
user.

• The previously assumed time is considered as
the threshold of the parameter degradation.
Consequently, the system is then considered as
100% degraded from its initial state.

1: for k = 1 to N do
2: The polynomial equation will consider the

estimated zonotopic state with the current
deviation of the initial state

3: Computation of the variables of the polynomial
equations

4: Update and calculation of the EoL
5: Deduction of the value of RUL as

“EoL−k×simulation time”
6: Update the variables and repeat until reaching the

threshold
7: end for
8: return the lower and the upper RUL thresholds:

[RUL, RUL]

Moreover, to analyze the performance of the RUL fore-
casting technique, It is proposed to evaluate the Prognosis
Horizon (PH) for the reliability and the Relative Accuracy
(RA) [14]:

PHk = EoL− k, (8)

where, PH is one of a few Prognostic Performance Metrics
(PPM) and it is calculated to analyze if the RUL algorithm
meets the desired accuracy around the EoL. Thus, the RA is
another PPM used to quantify the accuracy of the algorithm
at any measurement time.

RA% = 100−
| RULpredk − RULk |

RULk
× 100, (9)

the higher the RA percentage is, the more the prediction with
respect to RUL is accurate.

V. DC-DC CONVERTER CASE STUDY

The switch-mode power converters are widely used in
electric vehicles as bi-directional buck-boost converters.
Thus, they experience environmental as well as operational
stress such as heat, current spikes and voltage surges [4].
Hence, these factors affect the proper operating conditions
of the converters and deteriorate the efficiency of the system
including the internal components. Therefore, the reliability
of the system would not be trustworthy in huge industrial
applications such as nuclear power plants and autonomous
vehicles. Consequently, the PHM would prevent these sys-
tems from unnecessary and expensive maintenance [15].



A. Boost Converter Modeling

A 30 kW DC-DC converter would reflect a perfect appli-
cation of prognosis application and is designed as shown in
Figure 3. Due to space limitation constraints, only the boost
application is explained in this paper. Refer to [16] for more
detailed modeling of the boost converter.

Fig. 3. Boost converter circuit diagram.

Furthermore, the switching power devices and ECaps are
the components more prone to present faults [2]. Thus, in
[8], the degradation estimation of MOSFETs for the buck-
boost converter, has been explicitly explained as well as
the ECaps in [2] using EKF-based techniques. However,
the empirical degradation of the output ECap in the boost
operation has been implemented to engage the ZEKF for the
estimation and the prediction processes. Note that the Jaco-
bian calculations should be done for each of the submodels
first. Then, the average discrete matrices can be calculated.
Moreover, the augmented states vector becomes xaug

k =[
vCin ; iL; vCo ; δk

]
and the augmented equations as in

(1) are then implemented with 15 khZ sampling frequency.
Hence, the dimensions of the augmented state-space matrices
change as follows:
dim[A|aug(·)] = 4× 4, dim[B|aug(·)] = 4× 2,
dim[C|aug(·)] = 2× 4 and dim[D|aug(·)] = 2× 2,
and the augmented matrices become:

A|aug =

[
A {0}
{0} 1

]
, B|aug =

[
B
{0}

]
C|aug =

[
C {0}

]
, D|aug =

[
D
]
.

(10)

B. Degradation Modeling

The PoF of the power electronic devices are explicitly
explained in [2], [8], [16]. Thus, for simulation purposes,
the empirical models of the output capacitor and its ESR
were numerically fitted as exponential functions.
The following equation represents the degraded capacitance
value which is used to degrade the models to simulate real
life measurements from experimental open-source data sets
provided by NASA PCoE:

Cdeg(t) = C0(1− C%(t))/100, (11)

where, t is the continuous time and the capacitance percent-
age loss is expressed in the following equation:

C%(t) = eαt + β, (12)

with, α = 0.0163 and β = −0.8398.
Unlike the capacitance, the ESR shows an increase of its
value due to degradation. Since, the AGE have shown that
the capacitor is faulty for 20% of capacitance degradation [4],

the ESR is then allowed to increase by 58% from its initial
value. Thus, the thresholds are defined by the experimental
values.
Below is the equation of the ESR increase:

ESR↑ = a1e
b1t + c1e

d1t, (13)

with, a1 = 21.91, b1 = 0.005117, c1 = −22.2 and d1 =
−0.02211.
It should be noted that these equations are only used to
simulate the degradation of the system. Whereas, the RUL
prediction algorithm computes the variables (e.g. a1, b1, ...)
and predicts its shape to create the RUL zonotopic intervals.

C. Simulation Results

Algorithm 1 of ZEKF estimation is mainly implemented
for states and parameters estimation in zonotopic sets. The
states vector is initialized with random values such as 50,
100 and 200 for input capacitance voltage, inductor current
and output capacitor voltage respectively while their ideal
values without degradation are 200 V, 150 A and 300 V
in the same order. Thus, the input voltage is set to 200
V and the output current is 100 A. Hence, the state-space
matrices at k = 1 are computed with the initial value of
the degraded parameter δ0 = ESR0 = 80 mΩ, which is
in this simulation the ESR of the output capacitor of the
converter. It should be noted, that the degradation models
of the components are extracted from AGE and then fitted
in empirical models. However, in this paper they are only
used for comparison and not for estimation nor prediction.
The only two affected states are the output voltage and the
augmented parameter δ. The output voltage shows a slow
degradation profile as shown in previous work [2], while
the ESR shows an increasing trend as shown in the Figure
4 with the estimated bounds of the ESR evolution. First of
all, the empirical degradation model is illustrated in blue as a
reference to compare with the estimation. Thus, the red lines
correspond to the lower and upper bounds of the ZEKF-based
parameter estimation. As illustrated, the estimated parameter
ESR in green ∈ [ESRo,ESRo]. Thus, the estimated ESR
remains in the zonotopic intervals during the accelerated
simulation cycles.
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Fig. 4. ESRo estimation during capacitor degradation with the lower and
upper bounds.

Moreover, the essential results of algorithm 2 of this ap-
proach are demonstrated in Figure 5. At each time-step, the



polynomial fit of the earlier estimation computes the current
RUL interval of the system, based on the assumptions noted
in the same algorithm. At any measurement time, the RUL
lies between the predicted bounds and the decision would be
made depending on the application.
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Fig. 5. RUL forecasting intervals of the system during capacitor degrada-
tion.

It is worthwhile noting that the state estimate results are
not shown in this paper because the focus is on the RUL
approach which is based on the parameter estimate and not
the states.
Furthermore, testing the accuracy of the RUL prediction
is calculated using Eq. (9) and the results are shown in
Figure 6. Hence, a high percentage of RA lies between 80%
and 100% in the steady prediction zone. Consequently, this
means that the prediction process is optimistic with respect
to the empirical model.
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Fig. 6. The relative accuracy of the RUL prediction with respect to the
empirical model.

VI. CONCLUSIONS
A new RUL forecasting methodology has been proposed in

this paper to point out the integration of the ZEKF estimation
with prognostics vision. The estimation process of nonlinear
time-variant system has been achieved by augmenting the
states with a varying parameter and applying the EKF with
an optimal gain in order to compute the zonotopic sets of
estimates. Besides, the failure mechanisms of the power
electronic devices play an essential role in model-based
computing along with the AGE techniques. Straightforward
into the problem, the proposed algorithm has taken advantage
of the zonotopes for the prognostics approach. The main
contribution in this paper is clearly shown in the results

where the RUL bounds are predicted with no prior knowl-
edge of which parameter is degrading. Consequently, this
methodology could enhance the reliability of predictions for
electronics-rich systems with unknown-but-bounded noises.
Additionally, limiting the degradation effects could be a
possible solution to minimize the damage and then the costly
maintenance. Finally, the simulation shows high accuracy
prediction enhanced by the ZEKF to deal with such systems.
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