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Abstract

Failure prognostic builds up on constant data acquisition and processing and fault diagnosis and is an essential part of predictive maintenance of
smart manufacturing systems enabling condition based maintenance, optimised use of plant equipment, improved uptime and yield and to prevent
safety problems. Given known control inputs into a plant and real sensor outputs or simulated measurements, the model-based part of the proposed
hybrid method provides numerical values of unknown parameter degradation functions at sampling time points by the evaluation of equations that
have been derived offline from a bicausal diagnostic bond graph. These numerical values are computed concurrently to the constant monitoring
of a system and are stored in a buffer of fixed length. The data-driven part of the method provides a sequence of remaining useful life estimates
by repeated projection of the parameter degradation into the future based on the use of values in a sliding time window. Existing software can be
used to determine the best fitting function and can account for its random parameters. The continuous parameter estimation and their projection
into the future can be performed in parallel for multiple isolated simultaneous parametric faults on a multicore, multiprocessor computer.
The proposed hybrid bond graph model-based, data-driven method is verified by an offline simulation case study of a typical power electronic

circuit. It can be used to implement embedded systems that enable cooperating machines in smart manufacturing to perform prognostic themselves.
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1. Introduction and motivation

Failure prognostic is of essential importance beyond fault
diagnosis for safety critical engineering systems and processes,
for supervision, automation and condition based maintenance
(CBM) of industrial processes, predictive maintenance, and for
all kinds of emerging autonomous intelligent operating mobile
systems such as unmanned aerial vehicles, or for cyber phys-
ical systems. Based on continuous monitoring of the state of
health (SoH) of an engineering system and by estimating the
ongoing degradation of component behaviour, failure prognos-
tic enables predictive maintenance of industrial processes, or
the reconfigurable fault tolerant control (FTC) of intelligent au-
tonomous systems. With regard to an industrial plant, predic-
tive maintenance enables a longer lifetime of process compo-
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nents, increased safety, a more efficient use of ressources, and
a reduction of costs. Predictive anomaly identification based
on real-time data, monitoring degradation, detecting precursors
to failure, and predicting the remaining useful life (RUL) of
components and subsystems becomes even more important for
complex systems in industry 4.0 smart manufacturing as the
increased range of interaction between intelligent autonomous
machines and system interdependencies have an influence on
process faults and failures. For predictive maintenance in an in-
dustry 4.0 framework it is therefore essential that cooperating
machines equipped with sensors, in-situ self-monitoring and
prognostic capabilities issue warnings with confidence intervals
when they are about to operate out of admissible tolerances and
that maintenance alarms are automatically set by the system.

If pronostic applied to a mobile autonomous system sug-
gests, for instance, the failure of an actuator or a critical state
of charge (SoC) of the battery of a drone in the near future, the
control or the mission of the unmanned aerial vehicle can be
changed to avoid all kind of possible damage.

Fault detection and isolation (FDI) as a prerequisite for fail-
ure prognostic has been a major subject in research and in var-2351-9789 c© 2020 The Authors. Published by Elsevier B.V.
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ious application fields since some decades. Data-driven as well
as physics model-based approaches to FDI with their pros and
cons have been reported in the literature. More recently, combi-
nations of both approaches are increasingly addressed [9].

As to fault isolation, a question is howmany sensors are to be
placed in which locations in order to isolate a maximum of po-
tentially faulty system components. Various approaches to the
sensor placement problem have been reported in the literature
[10, 1, 6, 3].

Once, an incipient fault due to a trending parameter has been
diagnosed, a question is how long a system may safely con-
tinue its operation despite the presence of the incipient fault
before the increasing affect of the fault on the dynamic system
behaviour may lead to a component or even a system failure.
Clearly, constant monitoring of system health and a repeated
prediction of the time to failure, or the remaining useful life, i.e.
failure prognostic is clearly of technical and economical impor-
tance. In comparison to fault diagnosis it is still a rather young,
still developing research subject.

To anticipate the RUL as of a current time instant tP, it is nec-
essary to know the degradation behaviour of a fault over time.
To that end, one may try to develop a model of the progress-
ing damage starting from first physical principles. Difficulties,
however, may be that the degradation process is not fully under-
stood or that not all needed parameters of a degradation model
can be determined.

Other options may be to obtain a degradation model from
offline accelerated life tests [7] and to use the results in online
health monitoring for the prediction of the RUL [12], or to as-
sume that a potential degradation function candidate is a mem-
ber of a certain class of functions and to adapt the unknown pa-
rameters of the function by curve fitting. As measured signals
carry noise, a RUL has to be considered a stochastic quantity.

As systems may operate in various modes, the degradation
behaviour may change from mode to mode making it necessary
to change to another class of potential degradation functions
[13], [2, Chap. 6].

The physics model-based part of the proposed approach uses
a diagnostic bond graph (DBG) for the acquisition of degrada-
tion data. To that end, known system input signals and mea-
surements provided by sensors are not used to evaluate analyti-
cal redundancy relations (ARRs) but to estimate the magnitude
of faulty parameters at each sampling time point. Equations for
the magnitude of a trending faulty parameter are obtained from
a bicausal diagnostic bond graph. That is, given known system
inputs and either measurements from a real system or simu-
lated measurements, the purpose of the bicausal DBG model
is to numerically determine an unknown parameter degradation
function by estimating the numerical values of a faulty param-
eter at sampling time points.

The numerical values of an unknown degradation function
are determined over a sliding time window of fixed size and are
used in the data-driven part of the approach for failure progno-
sis. For each time window, the data-driven part of the approach
identifies a mathematical function over the time window and
projects it into the future to obtain an estimate of the current
RUL. As a result, a sequence of RUL estimates is obtained
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Fig. 1. Scheme of the proposed hybrid bond graph model-based – data-driven
approach

with values that tend to zero as the considered faulty compo-
nent reaches its end of life (EOL). Fig.1 displays the scheme
of the proposed hybrid bond graph model-based – data-driven
method.

The approach is explained by means of a simple boost (step-
up) converter, a typical power electronic circuit used in various
applications such as in battery power systems, DCmotor drives,
in wind power systems, or in the connection of solar panels
to a utility grid. Results are verified by an offline simulation
study. Moreover, various uncertainties in failure prognostic are
addressed.

2. Bond Graph model-based online estimation of an un-
known degradation trend

Parametric degradation means that the deterioration of the
dynamic behaviour of an engineering system is attributed to the
fact that some of its parameters increasingly deviate from their
nominal values with time following a function of which an ex-
act analytical expression is mostly unknown.

One way to approximate a degradation trend may be to de-
velop a physics model based on first principles. The physics of
a degradation process, however, may not be fully understood or
values for some parameters of the developed degradation model
may not be available.

A data-driven approach may select an analytical degradation
function from an appropriate class of functions and adapt its
unknown parameters by curve fitting.

The approach proposed in this paper determines a time series
for an unknown degradation function by parameter estimation.

To that end, a bicausal bond graph is used in this paper. Bi-
causal Bond Graphs (BGs) were introduced in [8]. They ex-
tend the concept of computational causality by allowing that
both power co-variables, effort and flow of a bond attached to
a power port of an element, may be inputs into the element.
Accordingly, they may be used for parameter estimation and
thus can be used for setting up an equation that determines the
degradation function Φθ(t) of a faulty element parameter Θ(t)
at sampling time instances ti. Bicausal bond graphs have been
used for FDI, e.g. in [17]. However, to the best of the author’s
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Fig. 2. Circuit schematic of an open loop boost converter with a load resistor R

knowledge, they have not been used in failure prognostic for
the determination of numerical values of unknown degradation
functions as proposed in this paper.

2.1. Following causal paths in a bicausal diagnostic Bond
Graph

In a bicausal diagnostic bond graph, detectors representing
sensors are in inverted causality because they provide known
measurements into the diagnostic model. The two conjugate
power signals into the port of a faulty element can be deter-
mined by following causal paths from sources providing known
input signals and from detectors in inverted causality to the
port of an identified faulty element. That is, both power vari-
ables in the element’s constitutive equation are known, while
the faulty trending parameter at the current sampling time point
is unknown. The constitutive law results in a possibly implicit
equations that determines the unknown parameter value. The
approach is explained by means of a small power electronic cir-
cuit and is verified by an offline simulation study in the next
section.

2.2. Application to a power electronic circuit

Consider the circuit schematic of an open loop boost con-
verter in Fig.2. It is assumed that the converter used, e.g. in
power generation plants, operates in continuous conduction
mode (CCM) with a sensor for the inductor current iL and a
sensor of the output voltage V . A fault in this electronic com-
ponent may lead to a failure in a power distribution system and
to a degradation of its performance.

If the MOSFET transistor and the diode are modelled as two
conversely commutating ideal switches Sw : si, i = 1, 2, then
the circuit immediately transforms into the DBG in Fig. 3. If
the small equivalent series resistance, RC , of the capacitor is
neglected and if variables are averaged over the switching pe-
riod, then the circuit may be presented by the DBG in Fig. 4, in
which d denotes the duty ratio.

In the following, two general cases are considered and illus-
trated by means of the small boost converter circuit. Firstly, it
is assumed that the parameter of a resistive load element is de-
teriorating with time. The other scenario is that the parameter
of a storage elements progressively deviates from its nominal
value. For both cases it is shown how the numerical values of
the respective unknown degradation function can be estimated
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Fig. 3. DBG of the boost converter in Fig. 2 [4]
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��

C : Cn

R: R(t)

Fig. 5. Averaged bicausal DBG of the boost converter with a trending resistance
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by means of known system inputs and measured values or sim-
ulated measurements.

2.3. Estimating the unknown degradation of a resistance

Assume that the cause of an abnormal dynamic behaviour
has been isolated and is attributed to a resistance R that is in-
creasingly deviating from its nominal value Rn with time, i.e.
R(t) = Rn + ΦR(t). Given monitored measurements, the task
is to estimate the time-varying resistance R(t). Accordingly,
the bond attached to the port of the R-element is replaced by
a bicausal bond as depicted in Fig. 5. As can be seen from
the bicausal DBG in Fig. 5, there is a causal path from the
flow detector Df : ĩL and another one from the effort detec-
tor De : Ṽ to the power port of the R-element. The tilde denotes
(filtered) measurements obtained from the real system or simu-
lated measurements. As both port variables are determined by
real measurements or simulated data provided by sensors into
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the DBG model, the time evolution of the resistance R(t), i.e.
numerical values of the degradation function ΦR(t) can be com-
puted. In order to show that the approach is applicable in the
case of nonlinear elements, a general nonlinear constitutive law
Ṽ = R(t) fR(ĩR) is assumed for the load resistor. From the bi-
causal DBG, one obtains

ĩR = (1 − d)ĩL −Cn
dṼ
dt

(1)

Ṽ = R(t) fR(ĩR) = (Rn + ΦR(t)) fR(ĩR) (2)

and as a result an implicit algebraic equation for the unknown
degradation function ΦR(t).

fR(ĩR)ΦR(t) = Ṽ − Rn fR(ĩR) (3)

Note that the computation of the degradation function values re-
quires the differentiation in discrete time of the measured volt-
age Ṽ .

2.4. Estimating the unknown degradation of a storage param-
eter

In the bicausal DBG of Fig. 6, the bond attached to the power
port of the C-element has also been turned into a bicausal bond.
As a result, there are causal paths from the two detectors to the
C-port so that the numerical values of a decaying capacitance
C(t) could be determined. However, these causal paths are not
disjoint from the ones to the R-port so that it cannot be decided
whether an abnormal dynamic system behaviour is caused by a
degradation of the resistance R or of the capacitance C. This is
not surprising, because both elements are in parallel, the volt-
age drop across both elements is the same. As addressed in [3],
another junction with an additional detector attached to it is to
be inserted for isolation if both elements are faulty. Therefore,
the following case assumes that only the capacitance trend fol-
lows an unknown degradation function, i.e.C(t) = Cn+ΦC(t). It
is assumed that the constitutive equation of the C element may
be nonlinear.

qC = C(t) fC(Ṽ) = (Cn + ΦC(t)) fC(Ṽ) (4)

The causal paths from the flow detector Df : ĩL and from the
effort detector De : Ṽ to the C-element in the DBG of Fig. 6
yield

q̇C = (1 − d)ĩL −
Ṽ
Rn

(5)

Substitution of (5) into (4) gives the following implicit equation
for the degradation function ΦC(t).

fC(Ṽ(t))ΦC(t) =
∫ t

t f2

q̇C(τ)dτ + ΦC(t f2 )Ṽ(t f2 ) −Cn fC(Ṽ) (6)

where t f2 denotes the time instant when the incipient fault ex-
ceeds an (adaptive) fault threshold and thus is detected. That is,
ΦC(t) � 0 for t > t f2 . Below that threshold the value of the ca-
pacitance may vary. However, a robust fault detection is insen-
sitive to small parameter deviations from their nominal values
in order to avoid false alarms.

Finally, as can be seen from the bicausal DBG in Fig. 6, there
are another two causal paths from the detectors to the inductor
with a faulty inductance L(t) = Ln + ΦL(t). The causal path
from the voltage detector to the inductor is not disjoint from
the causal path to the resistor R : R and the one to the capac-
itor. That is, these parametric faults cannot be isolated without
inserting an additional detector.

If it is only the inductor that has become faulty as of a time
instant t f1 , then similar to the computation of ΦC(t) above, one
obtains for the unknown degradation function ΦL(t) from the
bicausal DBG

ũL =
d
dt
(L fL(ĩL)) =

d
dt
[(Ln + ΦL(t)) fL(ĩL)]

= E − RLn ĩL − (1 − d)Ṽ (7)

or

ΦL(t)ĩL(t) =
∫ t

t f1

ũL(τ)dτ + ΦL(t f1 )ĩL(t f1 ) − Ln fL(ĩL) (8)

where t f1 denotes the time instant when the onset of an incipient
fault in the inductance is detected. The integration in (6), (8)
may be performed by means of the trapezoidal rule. Note that
in the case of a storage element no measurements need to be
differentiated.

3. Offline simulation case study

The above determination of a capacitance degradation func-
tion ΦC(t) at sample time points shall be verified in an offline
simulation. The parameters of all other passive elements are
assumed to keep their nominal value. Real measurements are
replaced by simulated ones obtained from a behavioural BG
model of the faulty circuit. The BG model may be considered a
digital twin of the real circuit used to study the effect of the ca-
pacitance decay. Capacitor leakage is a typical fault. In [11], it
is reported that electrolytic capacitors in power electronic sys-
tems have a higher failure rate than other system components.
In this study, it is assumed that the decay of the capacitance de-
liberately introduced into the BG model is exponentially with
time according to the function

C(t) =
{
Cn t < t0
1
5Cn +

4
5Cne−λ(t−t0) t ≥ t0

(9)

That is, as of time instant t0 the capacitance reduces exponen-
tially with t → ∞ to one fifth of its nominal value Cn.

4



192 W. Borutzky  et al. / Procedia Manufacturing 42 (2020) 188–196
W. Borutzky / Procedia Manufacturing 00 (2019) 000–000 5

Table 1. Parameters of the averaged DBG model in Fig. 4

Parameter Value Units Meaning
E 12.0 V Voltage supply
L 1.0 mH Inductance
RLn 0.1 Ω Resistance of the coil
Cn 500 µF Nominal capacitance
Rn 5.0 Ω Nominal load resistance
Ts 10−3 s Switching time period
d 0.45 – Duty ratio
t f 5 ms Capacitance starts decline
λ 500 s−1 Rate of decline
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Fig. 7. Effect of the capacitor degradation as of t f = 0.005s on the inductor
current ĩL and the capacitor voltage Ṽ

The objective of the simulation is to recover this degradation
from available simulated measurement data ĩL and Ṽ provided
by a model with variables averaged over the switching period.
Although averaging results in some smoothing, measurement
noise is taken into account by adding 1% Gaussian noise to the
output signals of the BG model. In a bicausal DBG, measure-
ment uncertainties can be represented by modulated sinks.

The simulation performed by the free software GNU Octave
4.4.1 uses the parameters given in Table 1. The effect of the
capacitance degradation on the inductor current ĩL and the ca-
pacitor voltage Ṽ is displayed in Fig. 7 in which the tilde is
substituted by the letter t prefixing the variable name. Simu-
lated noisy measurements are obtained by means of the Octave
function randn().

tV = tV + 0.01*tV .* randn(linspace(tV)) (10)

That is, the distribution of the generated random numbers is
normal with zero mean and a variance equal to 1. The noisy sig-
nals have been smoothed by a Savitzky-Golay filter [19] (Oc-
tave function sgolayfilt()). In case the resistor R : R is faulty,
the derivative of the simulated measurement Ṽ is needed (cf.
Eq. 3). Differentiation and smoothing can also be carried out by
a Savitzky-Golay filter. The result is displayed in Fig. 8.

Fig. 9 finally displays the recovered decay rC(t) of the ca-
pacitance C(t). As can be seen, the time evolution of the recov-
ered capacitance rC(t) is sufficiently close to the decay of the
capacitance C(t) deliberately introduced into the behavioural
model of the circuit.
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4. Data-driven failure prognostic

4.1. Data acquisition phase

As explained and illustrated in Section 2, equations for un-
known parameter degradation functions for resistive as well as
storage elements can be directly derived from a bicausal diag-
nostic bond graph by following causal paths from sources and
detectors in inverted causality to the port of a faulty element.
That is, inputs to these equations are only known control inputs
and measurements. Numerical values of an unknown parame-
ter degradation function can be computed at sample time points
online concurrently to the health monitoring of a real system
and the constant measurement of signals. As soon as n mea-
sured values of each needed signal are available and stored in a
buffer, the (filtered) trend of a faulty parameter Θ(t) can be ap-
proximated up to a time instant t and can be projected into the
future to see when it would intersect with a failure threshold.

Once computed numerical values of an unknown function
of the degradation of parameter Θi are available, they may be
treated like degradation data of a feature extracted from mea-
surement data. Direct measurement of degradation is often not
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possible without being invasive or destructive. The concurrent
computation of a time-series of degradation data by an evalua-
tion of equations derived offline from a bicausal diagnostic BG
can be considered the data acquisition phase.

4.2. Learning a mathematical degradation model

Given n available degradation data ΦΘ(tki ), i = 1, . . . , n ob-
tained from filtered real measurements or simulated measure-
ments in the current kth sliding time window wk that are stored
in a buffer of fixed size, a number of basic mathematical mod-
els, i.e linear, exponential, or power models with parameters to
be determined may be tested to see which one fits best the data
in the current window wk. This task of learning a mathemati-
cal model can be carried out e.g. by commercial software such
as Weibull++ [14] or by the Matlab Predictive Toolbox [21]
and can be performed in parallel on a multiprocessor, multicore
computer. As an evaluation criterion for the best fit, the root
mean square error (RSME) may be used.

4.3. Projection and RUL estimation

The degradation function ΦΘ(t) found can then be used to
determine a time point tkf at which the time evolution of the
faulty parameterΘ(t) intersects with a given failure level thresh-
old. The time span from the current time tkc (current age of the
system) to the time instant tkf where the time evolution of the pa-
rameter Θ(t) obtained from degradation data in the kth window
wk intersects with a failure level threshold (end of life, EOLk)
gives an estimate of the remaining useful life RULk.

RULk := tkf − tkc (11)

With progressing time new filtered degradation values of pa-
rameter Θi become available while some older values drop out
of the buffer. That is, time windows overlap. For a new time
window wk, the two steps, i.e. the determination of the best fit
degradation model and its extrapolation are repeated.

As time has advanced, i.e. the system has become older, that
is, tkc takes a new value and the intersection with the failure level
threshold gives a new time to failure value. As a result, one
obtains a new value for the RUL. Repeating these steps while
time is progressing results in a sequence of k RUL estimates
RULk(Θi) which ultimately converge to zero as a component
reaches its EOL. This two step prognosis procedure consisting
of a regression analysis of the degradation data in a window wk

and an extrapolation that provides an estimate of the time to
failure can be carried out simultaneously for multiple degrada-
tion mechanisms that do not compete, and in parallel on a mul-
ticore, multiprocessor computer. The global system-level RUL
is then the infimum of all component RULs.

4.4. Failure prognostic for hybrid systems

An advantage of a repeated identification of a mathematical
model for the degradation is that in case of a hybrid model for
each system mode of operation a possibly different degradation

behaviour can be taken into account. In systems represented by
a hybrid model, degradation of a component in ON mode may
stop when the component switches into OFF mode. An exam-
ple may be the mass flow through an increasingly contaminated
valve. As long as the valve is open, its discharge coefficient,
cd, decreases with time. Clearly, when the valve is switched
off, i.e. when this system component becomes inactive, then the
last value of the discharge coefficient before closure is retained,
degradation is stopped as long as the valve is in OFF mode, i.e.
the decline of the time evolution cd(t) becomes zero. That is,
extrapolating the time evolution of the faulty parameter from
the current sliding window does provide no RUL estimate. In
that system mode, the system behaviour is not affected by the
faulty valve and nothing can be said about the RUL.

4.5. Accuracy of failure projection

The determination of numerical values of an unknown
degradation function ΦΘ(t) at sample time points and the pro-
jection of Θ(t) into the future requires a sufficient number of
degradation data in the current windowwk in order to accurately
identify the parameters of a potential degradation model. The
amount of available degradation data, i.e. the size of the sliding
window, affects the uncertainty in the values of the degradation
model parameters and has an effect on the estimation of the
time to failure. Commercial software such as Weilbull++ [14]
can compute upper and lower bounds for the RULwith a certain
confidence level. In order to meet given accuracy requirements
for the parameters of the degradation model to be fitted, the size
of the sliding window may vary. The boundaries for the RUL
become more narrow, they build a converging cone, as the slid-
ing time window moves on, i.e. the identification of a best fit
degradation model, its extrapolation and the prediction of the
time to failure must be more accurate as a faulty component
approaches its EOL.

4.6. RUL estimation for the boost converter example

In the case of the capacitance degradation considered in Sec-
tion 3, fitting of degradation data in each window gives the same
exponential function C(t). Its intersection with a fictitious fail-
ure threshold levelCcrit gives the same time to failure t f if noise
is neglected. Let α, β, γ be the identified parameters of the expo-
nential function ΦC(t) fitting the degradation data in a window.
Then for tc = t0 the time to failure t f is determined by the con-
dition

C(t f ) = αCn + βCne−γ(t f−t0) = Ccrit (12)

Solving for t f gives

t f = t0 −
1
γ

(
− ln β + ln

(
Ccrit

Cn
− α

))
(13)

Equation 13 indicates that the time to failure and the RUL,
RUL(C, t0) := t f − t0 depend on the fitting parameters and
the critical level Ccrit. The ground truth RUL is obtained for
α = 1/5, β = 4/5 and γ = 500. These fitting parameters,
Ccrit = 2/5Cn and tc = t0 = 5ms yield t f = 2.77ms. Fig. 10
depicts the true RUL.
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Fig. 10. True RUL of the decaying capacitance C(t)

5. Uncertainties in hybrid failure prognostic

There are some uncertainties linked to the proposed non-
residual model-based approach to failure prognostic.

5.1. Modelling uncertainties

First, the bicausal BG model from which equations for un-
known degradation functions are derived relies on modelling
assumptions. Some features of a system or a process may not
be fully understood, approximated, neglected, or modelled in
a simplified manner. Model parameters may be uncertain. Nu-
merical computation may start from an uncertain initial system
state.

5.2. Measurement uncertainties

Entries into the equations derived from the DBG are mea-
surements that are random and carry noise besides known con-
trol inputs. Sensors may be biased. That is, appropriate filtering
of acquired raw measured data is needed that keeps essential
information. A well known digital low-pass filter well-adapted
for smoothing raw measurement data and for its differentiation
in discrete time is the Savitzky-Golay (SG) filter widely used in
various applications since a long time [19]. Its implementation
is available in software such as Octave and Matlab.

The SG-filter fits a polynomial P(ti) =
∑n

j=0 a j t
j
i of low or-

der n to M observed equally spaced time series data in a moving
symmetric window of length N = 2M + 1 around a reconstruc-
tion point by minimising the least square error.

εn =

M∑
j=−M

(P(ti) − y(ti))2 (14)

where y(ti) = x(ti) + w(ti) denotes the time series data of the
observed noisy signal, x(i) the time series data to be estimated,
and w(i) noise assumed to be independent and identically dis-
tributed with zero mean and variance σ2. The reconstruction

of the centered point needs future values, which means some
delay.

To achieve sufficient smoothing, the polynomial order is
generally chosen much smaller than the length of the win-
dow. However, low order polynomials will oversmooth sharp
changes in the observed time series data so that there is a trade-
off between smoothing and signal distortion. An increase of
the window length, i.e. the number of samples, results in a de-
creased variance estimation but entails an increase of the bias
error at the same time. That is, the two tuning parameters of
the SG-filter will have to be chosen with care. There are no
general guidelines how to choose the filter parameters as the
result of the filter depends on the characteristics of a signal to
be smoothed. In [16], the authors design a SG-filter by using
Chebyshev orthogonal polynomials and give a closed form for-
mula for the optimal window length in the sense of minimizing
the mean square error for SG-filters of arbitrary order.

5.3. Statistical and environment uncertainties

Repeated measurements provide a set of distributed values
of a sensor signal at a sampling point ti. Unforeseen environ-
mental changes may entail changes of operating conditions.

5.4. Degradation model uncertainties

As the fault estimation of a trending parameter Θ(t) at sam-
ple time points ti in the kth sliding time window wk uses mea-
surements, the values of the incipient fault, i.e. the degradation
Φθ(t) at each sample time instant are random with a probability
density function (pdf). Accordingly, the parameters of a best fit
degradation function are also to be considered random param-
eters with a mean value and a pdf which affects the prediction
of the kth time to failure tkf (EOL

k) and the estimation of RULk.
The question then is which type of probability density functions
are suited for approximation and how to choose their parame-
ters. In the Matlab Predictive Maintenance Toolbox, the expo-
nential degradation model to fit data of a health indicator h(t)
extracted from measured data is defined as

h(t) = a + α exp(βt + ε − σ2

2
) (15)

[22] where

h(t) : health indicator as a function of time
a : intercept term considered constant
α : lognormal-distributed parameter
β : Gaussian-distributed parameter
ε : Gaussian white noise yielding N(0, σ2)

so that the expectation value E[h(t)] is

E[h(t)] = a + α exp(βt) . (16)

5.5. Prediction uncertainties, prognostic metrics and risk as-
sessment

The result of a long term RUL prediction is not a single value
but a pdf. A pdf of initial conditions is propagated forward. Let
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ϕ(θ | t) be the pdf of the trending parameter Θ at time instant t,
then the probability π[Θ(t)] that the magnitude of Θ(t) is less
than the failure threshold ΘFT is

π[Θ(t)] =
∫ ΘFT

0
ϕ(θ | t)dθ (17)

As has been shown in [18], the RUL pdf may not be normal
even if the trending parameter at sample time points ti is nor-
mally distributed.

The prognostic metric called α − λ accuracy determines
whether at a given time point tλ the prediction accuracy is
within desired accuracy levels specified by α and expressed as
a percentage of the true RUL at time instant tλ [20]

π[RUL(tλ)]α
+

α− =

∫ α+

α−
ϕ(θ | t = tλ)dθ ≥ β (18)

where

λ : tλ = tp + λ(tEoL − tp) , 0 ≤ λ ≤ 1
tp : time point of the first prediction
ϕ(θ|t = tλ) : probalility density of the trending

parameter θ at tλ
π[RUL(tλ)]α

+

α− : total probability of the predicted RUL(tλ)
between α− = RUL∗(tλ) − αRUL(tλ)
and α+ = RUL∗(tλ) + αRUL(tλ)

RUL∗(tλ) : ground truth RUL
β : minimum acceptable probability mass

As the RUL is not a single value but is random with a pdf
and an expectation value E[RUL], risk management introduces
a so-called maximum allowable probability of failure (PoF), i.e.
a maximum acceptable level of risk of equipment failure to sup-
port maintenance decisions and corrective actions. The choice
of a PoF value depends on the plant to be operated and on var-
ious aspects. The time instant at which this level is reached is
called Just-in-Time-Point tJITP [5] and gives rise to the intro-
duction of the so-called lead-time interval

tLT I := tJITP − tP (19)

where tP denotes the prediction time. Corrective maintenance
actions must be taken before tLT I < E[RUL] elapsed. Such
maintenance actions make sure that a plant does not operate
beyond a maximum allowable PoF.

5.6. Failure threshold

Prediction of the time to failure clearly depends on the fail-
ure threshold that has been set. With insufficient a priori knowl-
edge, the choice of an alarm threshold below the EOL failure
threshold ensuring a safety margin is uncertain so that for a
failure threshold a pdf has to be assumed. A proper choice of
an alarm threshold is crucial as the intersection of an extrapo-
lated degradation trend provides a time instant talarm at which a
decision on the action be to taken must be made.

For the sake of simplicity, it is assumed that the rate of degra-
dation behaviour of a trending parameter θ1(t) does not change
from one sliding time window to the subsequent one. Once a

best fit mathematical model rθ1(t) = θ1n + Φ1
θ(t) for the trend of

an incipient fault θ1(t) has been identified, the faulty behaviour
of the system can be simulated. To that end, θ1n is replaced by
rθ1(t) in the computation of the nominal state space model. Let
y be an output signal that indicates the failure of a component
or of the system. For instance, if in a hydraulic system a valve
is completely congested, then there is no outflow which may
entail that the system does no longer perform its intended func-
tion. In electronic systems, a current through a component per-
sistently equal to zero as of some time instant tEoL, or a battery
voltage that has reached a critical minimal value indicates its
failure. As a result, the system functionality may be reduced or
may even cease. Let

ẋ = f(x, u, θ) (20)
y = g(x, u, θ) (21)

be a state space model derived from a bond graph in integral
causality, where x denotes the state, u, the vector of known
control input signals, and θ = (rθ1(t), θ2n, . . . , θ

p
n ) the parame-

ter vector. Then the condition

y(tEoL) = y0 , (22)

where y0 denotes a value characterising failure, determines the
time instant of failure, tEoL, and rθ1(tEoL) is an estimate of
the hard failure threshold θ1FT . Accordingly, an alarm threshold
θalarm with a safety margin to θ1FT can be chosen.

5.7. Onset of the degradation and start of the prediction

Furthermore, there is a time delay between the occurrence at
time instant toc, the detection of an incipient parametric fault at
tD, and the start of the prediction at tP. In [15] a correction time
tC is obtained by subtracting a margin from tD that guarantees
that the system is in a fault mode at time tC .

A parameter value θ(t) deviating from its nominal value θn
must not only touch constant fault thresholds, a = θn ± 3σ0,
with σ0 denoting the standard deviation of θ, before the onset of
degradation, or touch time dependent adaptive fault thresholds,
but must increasingly deviate from these boundaries with time
in order to be identified as a progressive fault. As a result, it
takes some time until the first sliding window can be filled with
degradation data.

6. Advantages of the proposed hybrid method

The proposed combined bond graph model-based, data-
driven failure prognosis method has the following advantages.

The computation of numerical values of an unknown degra-
dation function in the data acquisition phase by evaluating an
equation derived from a bicausal DBG at sample time points
can be performed in parallel for multiple simultaneous para-
metric faults concurrent to the constant monitoring of a real
process.

For the fitting of measured degradation data in each consec-
utive window, wk, pertaining to a faulty component, the mean
value of random parameters of various potentially appropriate
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basic mathematical functions can be computed in parallel by
means of existing software. A criterion such as the root square
mean error (RSME) can single out the best fitting function
among a set of potential candidates.

The repeated identification of a best fit degradation model
for consecutive time windows wk enables to account for possi-
ble changes of the degradation behaviour from window to win-
dow that may be due to changes of the system mode of opera-
tion or may be caused by changes in the system’s environment.

Extrapolating a faulty parameter trend Θ(t) from each win-
dow wk results in a sequence of RUL values RUL(Θ, tk) that
tend to zero for tk → tEoL(Θ).

Conclusion and outlook

The paper proposes a hybrid bond graph-model based – data
driven method for failure prognostic. It is assumed that incip-
ient faults have been detected and isolated. A novel BG based
method to sensor placement problem that aims to isolate a max-
imum number of parameters has been proposed in [3].

As to the model-based part of the approach, this paper shows
that by following causal paths in a bicausal DBG from detectors
in inverted causality and from independent sources of system
input signals to the power port of a possibly nonlinear element
with the parameter Θ(ti) at sample time instant ti identified as
faulty, i.e. Θ(ti) = Θn + ΦΘ(ti), an equation can be established
that determines the numerical values of the unknown parametric
degradation function ΦΘ(t) at ti.

Data-driven identification of a best fit degradation model
uses known control input signals and sampled values of mea-
sured output signals and may require the differentiation of some
signals in discrete time. Therefore, sophisticated preprocess-
ing of measured raw signal data is needed. For smoothing raw
measured data and their differentiation in discrete time, the
Savitzky-Golay algorithm may be used.

In the failure prognostic part of the proposed approach, the
parameters of a degradation model that fit measured data in
the current sliding time window are considered random with
a mean value and a probability density function. This affects
the projection of a parameter degradation trend into the future
towards the intersection with a failure threshold.

The proposed hybrid method can be implemented in embed-
ded systems that enable cooperating machines in smart man-
ufacturing systems or power electronic devices equipped with
sensors to determine health indicators such as vibration in an
aging machine or heat development in systems on circuit and
to perform fault diagnosis and failure prognostic themselves, to
communicate results with collaborating subsystems and opera-
tors via smart human interfaces and to support prognostic and
health management of complex cyber physical systems.
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