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ABSTRACT: The Helimaintenance project aims at optimizing the maintenance of civil helicopters. An em-
bedded supervision system is in charge of monitoring the helicopter and detecting problems which require
maintenance actions. A data processing system integrating a prognostic function receives information from the
supervision system and suggests component replacements before they fail and cause a system failure. In this pa-
per we propose a hybrid component-oriented model for a heterogeneous physical system. The model describes
the evolution of the health condition of the system over time from the available knowledge on behaviour and
degradation of components. A generic adaptive prognostic function is developed and provides a common sup-
port for the maintenance decision of a heterogeneous multi-component system. It computes faults probabilities
of components by using the parametrized Weibull model and updates these probabilities according to new data
like on-line diagnostic result or new measurements. For illustration, the prognostic function is then applied on
an example of a helicopter subsystem.

1 INTRODUCTION

Maintenance efficiency of industrial systems is an im-
portant economical issue as it is a way to improve
reliability and safety while reducing the final cost of
systems. The Helimaintenance project aims at opti-
mizing the maintenance of helicopters. The objective
is to develop an integrated logistics system in order
to support the scheduling of maintenance actions and
reduce the unavailability of helicopters. Maintenance
actions must be decided on an efficient and complete
analysis of the health of the system when it is operat-
ing. An embedded supervision system is in charge of
monitoring the helicopter and detecting problems and
misbehaviors which require maintenance actions. The
supervision system integrates a diagnostic function to
accurately determine which components may cause
a system failure and have to be replaced by a main-
tenance action. In order to optimize the maintenance
cost, it is also necessary to perform preventive main-
tenance by deciding to act on the system before the
problems actually occur. A prognostic reasoning must
be performed over the system to establish whether a
preventive action is pertinent at a given time.

Prognosis aims at estimating the remaining useful
life (RUL for short) of a system or a component in ser-
vice. The RUL of a system corresponds to the remain-
ing time until the system cannot successfully perform

a particular function anymore and must be replaced
(Engel et al. 2000). This temporal prediction relies
on knowledge about component aging that is con-
tained in a prognostic model (Gorjian et al. 2009). In
the literature, several prognostic approaches already
exist which rely on different models (Roemer et al.
2005, Schwabacher and Goebel 2007, Dragomir et al.
2009). Experience-based approaches, like case-based
reasoning or reliability analyses, are the only alter-
native when no physical knowledge of the system is
available. They allow to determine the failure proba-
bility at a given time in the future from a failure his-
tory. When on-line observations (i.e. measurements)
are accessible, learning or on-line estimation meth-
ods (trend monitoring methods) can be used to evalu-
ate the degradation state of the system. Model-based
prognostic approaches are based on a deep knowl-
edge of the system and rely on a continuous model
represented as a set of equations which involve phys-
ical quantities (like humidity, temperature, etc.) cor-
responding to environmental constraints of the sys-
tem (Saxena et al. 2008). The choice of a prognos-
tic method depends on the available knowledge of the
system, the presence of sensors or models that allow
to monitor and to analyze the real condition of the sys-
tem. Classical reliability methods can be used to com-
pute the RUL of components but they do not take into
account the real stress of the supervised system when



it is operating. A stress can result from a fault within
the system or an abnormal solicitation (like mechani-
cal vibrations, thermal impacts, etc.) that can acceler-
ate the component aging and thus affect the system
RUL. An adaptive method is then required to take
into account the current condition of the system that
is evaluated by the diagnostic function and by mon-
itoring environmental conditions (Kacprzynsk et al.
2004, Kirkland et al. 2004).

In this paper we propose an adaptive prognostic
function that receives information from the supervi-
sion system (measures from embedded sensors and
diagnosis results) and suggests component replace-
ments before they cause a system failure. Aeronau-
tical systems, like helicopters, are complex systems
built from an assemblage of heterogeneous compo-
nents. Section 2 recalls the formal modeling frame-
work developed in Ribot et al. (2009) for an hetero-
geneous multi-component system that allows to de-
scribe the behavior and the degradation of compo-
nents. Section 3 proposes a generic adaptive prognos-
tic function that computes fault probabilities of com-
ponents by using the parametrized Weibull model and
updates these probabilities according to new data like
on-line diagnostic result or new measurements in or-
der to evaluate the RUL of components. For illustra-
tion, the prognostic function is finally applied to an
example of a helicopter subsystem in Section 4.

2 GENERIC MODELING FRAMEWORK

A multi-component system is built from an assem-
blage of heterogeneous components. It is then mod-
eled as a set of N interacting components: Comps =
{C1, ...,CN}. The knowledge for each component
that will be used by the prognostic function is rep-
resented in a abstract but homogeneous way.

2.1 Multi-component system

A component Ci can always be characterized by a
set of physical quantities that are represented by a set
of parameters denoted P i. A parameter in P i is then
a continuous or discrete variable of the component
model. The k-th parameter in P i is denoted pi,k and
its value at time t is denoted pi,k(t). Each parameter
pi,k is associated to a set of admissible values denoted
r(pi,k) called the range. For instance, the range can be
an interval of real numbers for a continuous param-
eter or {0,1} for a boolean parameter. The value of
a physical quantity may depend on the other compo-
nent quantities. A set of relations denoted Ai repre-
sents how these values are linked in a component Ci.
A relation ari,k ∈ Ai is then written as

pi,k = ari,k(pi,j, . . . , pi,l), (1)

where {pi,j, . . . , pi,l} ⊆ P i. The value of the param-
eter pi,k is determined by the relation ari,k that can

be differential, algebraic or logical. Therefore a com-
ponent Ci is formally defined by a 3-tuple Ci =
〈P i,Ri,Ai〉, where P i = {pi,k} is the set of compo-
nent parameters, Ri = {r(pi,k)} is the set of param-
eter ranges and Ai = {ari,k} is the set of relations
between parameters. The multi-component system Σ
is modeled as a set of N components that interact in
order to perform some specific functions. The system
description must then be refined to take the interac-
tions between components into account.

2.2 Structural model

The structural model describes the possible set of in-
teractions between components that are usually mod-
eled with ports which can exchange data flow in the
real system. In this framework, such ports are repre-
sented by some component parameters. A connection
is then defined as the association of parameters from
different components. The structural model of the sys-
tem is given by the function St : P St−→ 2P that is
defined such that St(op) 3 ip represents a data flow
coming from the parameter op and going to the set of
parameters ip (Ribot et al. 2011). LetOP ⊂P denote
the set of parameters op such that St(op) is defined,
let IP ⊆ P \OP denote the set of parameters ip such
that ∃op ∈ OP , ip ∈ St(op). Based on the structural
model St, the set of parameters P i of a component Ci

can then be partitioned into three subsets: input pa-
rameters, output parameters and private parameters.

• The set of input parameters is defined by IP i =
P i ∩IP . The value of an input parameter ipi,k ∈
IP i is determined by a connection with another
component. The mechanisms implemented by
the componentCi cannot modify its value, so the
value of ipi,k is not fixed by any relation ari,k of
Ci.

• The set of output parameters is defined by
OP i = P i ∩OP . The value of an output param-
eter opi,k ∈ OP i results from the mechanisms
implemented by Ci and its inputs, so it is deter-
mined by at least a relation ari,k of Ci.

• The set of private parameters is defined by
PP i = P i \ (OP i ∪ IP i). A private parameter
ppi,k ∈ PP i represents an internal characteris-
tic, specific to the component that can be modi-
fied by the mechanisms implemented by Ci. Pri-
vate parameters are used to model the faults and
the component aging for diagnosis and prognosis
purposes.

Figure 1 represents the structural model of a system
composed of two interacting components {C1,C2}
with St(op1,1) = ip2,1 represented by the oriented
connector.
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Figure 1: Component and interaction modeling with parameters

2.3 Functional model

A system is usually designed in order to provide some
applications. To perform these applications, each sys-
tem component Ci supports a set of basic functions
denoted FU i. These basic functions rely on the nom-
inal behavior of components that comes from the de-
sign stage and are modeled as functional conditions.
A functional condition associated to a basic function
Fui,k ∈ FU i is defined as follows:

Fui,k ≡ (opi,k = ari,k(ipi,j, . . . , ipi,l, ppi,m, . . . , ppi,n))

where opi,k ∈ OP i, {ipi,j, . . . , ipi,l} ⊆ IP i and
{ppi,m, . . . , ppi,n} ⊆ PP i. A basic function is avail-
able on a component if the constraint of its associ-
ated functional condition is satisfied. The functional
model of a multi-component system defines the set of
basic functions implemented by components that are
required to perform the system applications.

2.4 Operational modes

Some operational modes can be defined for a compo-
nent Ci according to the set of basic functions avail-
able on this component. The model of the component
Ci in a mode mi

x is defined by

Ci
x = 〈P i,Ri

x,Aix〉 (2)

with P i = {pi,k}, the set of component parameters
(supposed to be fixed), Ri

x = {rx(pi,k)}, the set of
ranges for parameters in the mode mi

x and Aix =
{ari,kx }, the set of relations defined for the mode mi

x.
The behavior of a component Ci in mode mi

x at time
t is given by Ci

x with{
∀ari,kx ∈ Aix, opi,k(t) = ari,kx (pi,j(t), ..., pi,l(t))
∀pi,k ∈ P i, pi,k(t) ∈ rx(pi,k).

Based on the functional state and the knowledge about
component behavior, it is possible to distinguish three
kinds of operational modes for a component: nominal
mode, fault mode and abnormal mode.

2.4.1 Nominal mode
The nominal mode mi

n for a component Ci is unique
and describes the nominal behaviors. It is modeled by
Ci
n = 〈P i,Ri

n,Ain〉 with{
∀ari,kn ∈ Ain, opi,k(t) = ari,kn (pi,j(t), . . . , pi,l(t))
∀pi,k ∈ P i, pi,k(t) ∈ rn(pi,k).

In nominal mode, Ci provides the basic functions
whose functional conditions are given by the set Ain.
If one parameter pi,k has a value out of its nominal
range, the functional conditions depending on pi,k are
not satisfied and, consequently, the associated func-
tions are not available. The component is either in a
fault mode or in abnormal mode.

2.4.2 Fault mode
A fault mode of a component is an operational mode
with an explicit model. The faulty behavior is associ-
ated to the value of a private parameter that is out of
its nominal range. For a given fault f , a fault modemi

f

for a component Ci at time t is defined by the model
Ci
f = 〈P i,Ri

f ,Aif〉 so that

∃ppi,k ∈ PP i, ppi,k(t) /∈ rn(ppi,k). (3)

A fault is assumed to be persistent as it results from a
problem within the component.

2.4.3 Abnormal mode
An abnormal solicitation of a component may also
cause some function losses. This corresponds to an
abnormal mode that is not necessarily represented by
a model, but characterized by a value of an input pa-
rameter that is out of its nominal range. A component
Ci is in an abnormal mode mi

a at time t if

∃ipi,k ∈ IP i, ipi,j(t) 6∈ rn(ipi,k). (4)

An abnormal solicitation may be intermittent. Thus, a
component can return in nominal mode as soon as the
value of the input parameter representing this solicita-
tion is in nominal range again. In an abnormal mode,
some private parameters of the component may also
be out of nominal ranges. The component is then in
an abnormal faulty mode that is denoted mi

af .

2.4.4 Mode automaton
A set of operational modes is associated to a compo-
nent Ci:

Mi = {mi
n,m

i
a1
, . . . ,mi

f1
, . . . ,mi

af1
, . . . ,mi

afk
}

where each mode mi
x is characterized by a model

Ci
x if the knowledge on the behavior of compo-

nents is available. During the system operation,
the mode of a component Ci changes each time
a fault or an abnormal solicitation occurs on it.
The mode of a component Ci at time t is denoted
mode(Ci, t). So, along the operation time, from t0
till t, the component follows a trajectory of modes
mode(Ci, t0).mode(Ci, t1) . . .mode(Ci, t). Very of-
ten, the component is in nominal mode at t0, then
mode(Ci, t0) =mi

n (all the parameters are in nominal
range defined by the nominal model). The last mode
of the trajectory is a fault mode mi

p in which all basic



functions are no longer available on Ci. The different
possible changes of modes for a component Ci can be
described by a mode automaton as illustrated in Fig-
ure 2. The automaton states represent the component
modes in Mi and the transitions correspond to fault
or abnormal events (generated when a private or an
input parameter evolves out of nominal range).

f1

fi

Failure mode

i
nm

i
fi

m

i
af i

mi
am

1

i
fm
1
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f1

ā1 a1 ā1

i
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Figure 2: Mode automaton for a component

In order to compute the RUL of the system, progno-
sis has to predict the fault occurrences on each com-
ponent that may cause a loss of function. This pre-
diction of the next fault for a component relies on a
knowledge about component degradation.

2.5 Aging model

Knowledge about degradation usually comes from
safety analyses of components and is contained in ag-
ing models (Wilkinson et al. 2004). A degradation of
the component is represented by a deviation of the
value of a component specific parameter from its ini-
tial specification. An aging model agi,k is thus associ-
ated to a private parameter ppi,k of the component Ci

(Ribot et al. 2011). It is the mean for estimating the
value p̂pi,k(t) of the parameter ppi,k and evaluate the
component degradation over the time:

p̂pi,k(t) = agi,k(t). (5)

Aging models allow to determine the date ti,kf of each
possible fault on a componentCi by evaluating the re-
maining time until private parameters {ppi,k} become
faulty. The remaining time until a parameter becomes
faulty (i.e. out of nominal range) is denoted rtf (for
remaining time to fault):

rtf(ppi,k, t) = min(ti,kf − t) s.t. p̂p
i,k(ti,kf ) /∈ rn(ppi,k).

Such aging models can be established from reliabil-
ity analyses or physical models involving parameters
that represent the system solicitations as explained in
Section 1. In this paper, an aging model agi,k is repre-
sented by a parametrized probability law whose char-
acteristics depend on the component solicitations. A
fault probability can be computed for each parame-
ter ppi,k ∈ PP from knowledge on component degra-
dation. A prognostic methodology is then required to
compute and update these fault probabilities of com-
ponents.

3 PROGNOSIS METHODOLOGY

The difficulty is to establish a common prognostic
representation whatever the type of available knowl-
edge about component degradation. This representa-
tion must be as flexible as possible to represent the
fault probability of each private parameter of compo-
nents. It also has to be adaptive to take real solicita-
tions of components into account.

3.1 Integrated prognostic approach

It is often useful to combine different prognostic ap-
proaches for some applications. This section pro-
poses to integrate reliability analyses and physics-
based models in order to take advantage of both
prognostic approaches like in Heng et al. (2009). A
physics-based model is defined by a continuous equa-
tion involving physical quantities that represent en-
vironmental constraints and a characteristic life. It
quantifies the manner in which the characteristic life
changes across different stress levels. Accelerated life
models can be considered as physics-based model
and rely on chemical or mechanical laws. Commonly
used models represent failure mechanisms caused by
temperature (Arrhenius, Eyring and Coffin-Manson
models) or corrosion caused by humidity (Peck mod-
els) (Escobar and Meeker 2006). These physics-based
models are empirical and must be fitted to component
data.

A fault distribution resulting from reliability analy-
ses describes the remaining life of a component at dif-
ferent stress levels. The parametrized Weibull model
is often used in reliability for life data analyses due
to its flexibility (Ferreiro and Arnaiz 2008). It is then
used to represent a fault probability density function
(pdf for short) like in Hall and Strutt (2003) and in
Vachtsevanos et al. (2006):

W (t, β, η, γ) =
β

η

(t− γ
η

)(β−1)

e−( t−γ
η

)β (6)

where t ≥ 0, β ≥ 0, η ≥ 0 and γ ∈ [−∞;∞]. The
scale characteristic η defines the characteristic life of
the component and corresponds to the mean life for
a studied population sample. The shape characteris-
tic β modifies the pdf nature and allows to model the
different life phases of a component defined by the
idealized bathtub curve of reliability. The localization
characteristic γ defines the minimal life of a compo-
nent. The case γ > 0 means the fault probability is
zero until a date γ. In most cases, we assume γ = 0.
The characteristic η is stress dependent while β is as-
sumed to remain constant across different stress lev-
els. A physics-based model represented as a function
of stress can then be assigned to η. For instance, the
Arrhenius relationship can be assigned to the charac-
teristic η if a thermal stress T is considered:

η = A exp
(Ea
kT

)
(7)



where Ea is the activation energy that is specific to
the material, k is the Boltzmann constant and A is
a material constant. The resulting statistical physics-
based model must be adjusted to data in order to deter-
mine component constants. The estimates of Weibull
characteristics can be found analytically using least
squares or maximum likelihood estimation meth-
ods. Such estimation methods are detailed in Nelson
(1990) and in Dasgupta and Pecht (1991). Then the
aging of the private parameter ppi,k is modeled by
Weibull characteristics:

agi,k(t) =

∫ t

t0

W (t, βpp
i,k

, ηpp
i,k

, γpp
i,k

)dt. (8)

The fault pdf W (t, βpp
i,k
, ηpp

i,k
, γpp

i,k
) has to give at

any time the probability that the private parameter
ppi,k evolves out of nominal range.

3.2 Generic prognostic function

In order to determine the RUL of components, the re-
maining time until private parameters become faulty
has to be evaluated from aging models. The prog-
nostic function has to compute and update the fault
pdf of private parameters according to component
solicitations that are either monitored using sensors
or estimated from diagnosis. Figure 3 represents a
schematic diagram of the prognosis process.
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Figure 3: Prognosis process

3.2.1 On-line information for prognosis
An observation is a measure of the value of a param-
eter. The observation of the parameter pi,k at time t is
then denotedObs(pi,k, t). For a component Ci, the set
of parameters whose value can be measured at time t
is denoted P iObs(t). Let us note {Obs(pi,k, t)} the set
of values of the observed parameters at time t.

Model-based diagnosis aims at determining the
current modemi

x ∈Mi of each system componentCi

from the knowledge on the component models and the
observations. We recall that the mode of a component
Ci at time t is denotedmode(Ci, t). The diagnosis for
a component Ci at time t is then formally defined as
follows (Ribot et al. 2011):

∆i(t) = {mode(Ci, t) consistent with {Obs(pi,k, t)}}

such that ∀pi,k ∈ P iObs(t),Obs(pi,k, t) ∈ rx(pi,k). Each
observation belongs to its range in the mode mi

x.
Moreover it is possible, for each parameter pi,j that
is not observable to assign at least one value pi,j(t)
belonging to the range rx(pi,j) in mi

x so that all the
relation between parameters are satisfied. By deter-
mining the mode of a component, diagnosis helps to
estimate the values of parameters that are not mea-
sured: if pi,j observable, then pi,j(t) = Obs(pi,j, t) if
not then pi,j(t) is determined by solving {ari,kx }.

A diagnosis for the multi-component system Σ at
time t is then a N-uplet of component modes built
from diagnoses performed for components at time t:

∆Σ(t) = {〈m1
x1, . . . ,m

N
xN〉} ⊆ ∆1(t)× . . .×∆N(t).

Several hypotheses for a component mode may be
consistent with the set of observations. In this case, a
prognosis will be computed from each diagnosis hy-
pothesis.

3.2.2 Prognosis initialization
A local prognosis is firstly performed at component
level to determine the next possible fault on each
component Ci. The Weibull characteristics βppi,k and
γpp

i,k that model the aging of a private parameter ppi,k
can be estimated off-line whereas the characteristic
ηpp

i,k is computed from observations and current di-
agnosis.

The suited physics-based models are selected ac-
cording to the most critical solicitations (thermal
stress, humidity, voltage, etc.) of components. For
each private parameter ppi,k of a component Ci, a
life-stress relationship is assigned to the characteris-
tic ηppi,k of the Weibull fault pdf. A parameter esti-
mation method (least square or maximum likelihood
estimation) is then used to fit the pdf to available life
data (accelerated or real life testing) in order to de-
termine material constants and estimate the charac-
teristic βppi,k of the Weibull pdf. At first, we suppose
γpp

i,k

0 = 0 as explained in the previous section.
Component solicitations are represented as input

parameters {ipi,k(t)} whose values are either ob-
served or estimated from current diagnosis ∆i(t).
These allow to compute the Weibull characteristic
ηpp

i,k

0 for the parameter ppi,k of Ci. Then the rtf of
component private parameters can be evaluated from
a decision criterion Pmax that corresponds to the ac-
ceptable threshold of fault probability:

rtf(ppi,k, t) = (ti,kf − t)

s.t.

∫ ti,kf

0

W (t, βpp
i,k

, ηpp
i,k

0 , γpp
i,k

0 )dt = Pmax. (9)



3.2.3 Fault propagation in predictions
The next component that is predicted to fail may
cause some abnormal solicitations on components it
interacts with. The prognostic process has to take
the fault propagation in the system into account. The
structural model represented by the function St is
used to predict abnormal solicitations caused by fu-
ture faults that may accelerate component aging. Us-
ing an abuse of language, let St : Comps→ 2Comps

denote the function such that St(C) is the set of com-
ponents C ′ which have an input parameter ip′ such
that St(op) 3 ip′ where op is an input parameter of C.

1. The next faulty component Cmin1 is determined
such that tmin1

f = mini={1,...,N}(t
i,k
f ). Each com-

ponentCi such thatCi ∈ St(Cmin1), is predicted
to be in abnormal mode at tmin1

f . Future solicita-
tions of Ci at tmin1

f , i.e. the values of component
input parameters, are estimated from component
models. The Weibull characteristic ηpp

i,k

1 is then
updated and γpp

i,k

1 is computed according to the
fault probability Pf1 the component Ci has al-
ready reached at time tmin1

f . This characteristic

γpp
i,k

1 allows to memorize the aging of Ci in past
modes. The rtf calculation for private parame-
ters of Ci is modified as follows

rtf(ppi,k) = (ti,kf − t) s.t. (10)

Pf1 +

∫ ti,kf

t
min1
f

W (t, βpp
i,k

, ηpp
i,k

1 , γpp
i,k

1 )dt = Pmax.

2. The next faulty component Cmin2 is determined
such that tmin2

f = mini\(min1)(t
i,k
f ). Fault prop-

agation is studied as explained in the previous
point to compute ηpp

i,k

2 and γpp
i,k

2 for each inter-
acting component Ci such that Ci ∈ St(Cmin2).
This procedure stops when St(Cminx) = ∅.

3. The remaining useful life of each component Ci

is evaluated by

RUL(Ci, t) = min(rtf(ppi,k, t) | ppi,k ∈ PP i).

By assuming no component redundancies in the
system:

RUL(Σ, t) = min
i=1,...,N

(RUL(Ci, t)).

To summarize, the prognosis process computes a set
of Weibull characteristics {βppi,k , ηppi,kx , γpp

i,k

x } that
define the fault pdf of each componentCi in the future
as illustrated in Figure 4. The area under the different
parts of the fault pdf is still equal to one with succes-
sive calculations of γppi,k .
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Figure 4: Output of the prognosis process

3.2.4 Prognosis update
The prognosis of a component can be updated with a
new observation or a new diagnosis result. When new
values or interval ranges are determined for compo-
nent parameters, the prognosis process must be reini-
tialized. A modification of the value of an input pa-
rameter involved in a life-stress relation leads to an
update of Weibull characteristics ηppi,k and γppi,k .

4 ILLUSTRATIVE EXAMPLE

Figure 5 shows a simplified representation of an he-
licopter transmission system whose function is to re-
duce angular speed and to transmit power from the
engine to the rotor. The engine drives the input shaft
S1 fixed to the pinion g1 of a gearbox G which drives
a gearwheel g2 connected to a output shaft S2.

Engine

Rotor

Gearbox G

Input shaft

Ouput shaft

g1

g2

S1

S2

Figure 5: Simplified representation of a gearbox system

4.1 System modeling

4.1.1 Structural model
The transmission system is built from three interact-
ing components: Comps = {S1,G,S2}. Each com-
ponent is modeled by a set of parameters. For in-
stance, the shaft S1 is modeled by

IPS1 = {ce, ωe},OPS1 = {c1, ω1},PPS1 = {j1, rS1}

and the gear G is modeled by

IPG = {cg1, ωg1},OPG = {cg2, ωg2},PPG = {α, rG}.

Input parameters of the shaft S1 are the torque ce and
the angular velocity ωe delivered by the engine, output
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Figure 6: Structural model of the gearbox system.

parameters are the torque c1 and the velocity ω1 trans-
mitted by S1 to downstream components and private
parameters are the shaft inertia j1 and rS1 introduced
for prognosis purpose. The private parameter rS1 is
used to represent the component aging that lead to a
shaft fracture considered as a fault in our formalism.
Input parameters of the gear G are the torque cg1 and
the velocity ωg1 imposed by the shaft and output pa-
rameters are the torque cg2 and the velocity ωg2 trans-
mitted to the shaft S2. Private parameters of G are the
transmission ratio α and rG used to represent the gear
degradation leading to the gear fracture. The parame-
ters of the shaft S2 are not detailed here but they can
be identified on Figure 6. This figure represents the
component interactions that can be formally written
as follows: St(c1) = cg1, St(cg2) = c2, St(ω1) = ωg1,
St(ωg2) = ω2.

4.1.2 Functional model
To perform the function of the transmission system,
each component has to support a set of basic functions
that are modeled with relations between component
parameters:

FuS1,1 ≡ (c1 = arS1,1(ce, ωe, j1, rS1)),
FuS1,2 ≡ (ω1 = arS1,2(ωe, rS1)),
FuG,1 ≡ (cg2 = arG,1(cg1, α, rG)),
FuG,2 ≡ (ωg2 = arG,2(ωg1, α, rG)),
FuS2,1 ≡ (c2 = arS2,1(cg2, ωg2, j2, rS2)),
FuS2,2 ≡ (ω2 = arS2,2(ωg2, rS2)).

(11)

These relations describe the nominal behavior of
components and are detailed hereafter.

4.1.3 Operational modes
The behavior of the shaft S1 is modeled by the fol-
lowing equations:

arS1,1 =

{
ce − j1.ẇe if rS1 < 1
0 if rS1 = 1,

(12)

arS1,2 =

{
ωe if rS1 < 1
0 if rS1 = 1.

(13)

In nominal modemS1
n , the shaft transmits a torque and

an angular velocity from an input point to an output
point and is modeled with rn(rS1) = [0,1[. In fault
mode mS1

f , S1 cannot perform its functions and mod-
eled with rf (rS1) = {1}. We also consider a nominal

mode mS2
n and a fault mode mS2

f for the shaft S2. The
behavior of the gearbox G is given by the following
equations:

arG,1 =

{
1
α
.cg1 if rG < 1

0 if rG = 1,
(14)

arG,2 =

{
α.ωg1 if rG < 1
0 if rG = 1.

(15)

In nominal mode mG
n , the gearbox G reduces the

angular velocity and transmits power that rn(rG) =
[0,1[. The fault mode mG

f corresponding to a gear
fracture is modeled with rf (rG) = {1}.

4.2 System prognostics

4.2.1 On-line information
A temperature sensor is located on the gearbox and
two accelerometers on the shafts allow to measure the
angular velocity delivered by the engine and transmit-
ted to the rotor : POBS(t) = {T,ωe, ω2}. For the sake
of simplicity, the temperature T is not represented in
the system model but this solicitation could be repre-
sented as an input parameter for each system compo-
nent. The current mode of the system is determined
by diagnosis:

∆Σ(t) = 〈mS1
n ,m

G
n ,m

S2
n 〉.

4.2.2 Prognostic function initialization
The Arrhenius model is selected to represent the tem-
perature impact on component degradation : ηi =
A exp

(
B
T

)
. For each private parameter ppi,k of com-

ponents, the constants A and B and the Weibull char-
acteristic βppi,k are estimated from experiments. The
measured temperature value T = 393K allows to de-
termine the characteristic ηpp

i,k

0 and to evaluate the rtf
of the private parameters of components:

rtf(rS1, t) = (tS1
f − t) = 100000 hours (16)

s.t.
∫ tS1f

0

W (t,1.3,85000,0)dt = 0.8,

rtf(rG, t) = (tGf − t) = 45000 hours

s.t.
∫ tGf

0

W (t,2,35000,0)dt = 0.8.

The shaft S2 is assumed to degrade in the same way
as S1 in nominal mode.



4.2.3 Fault propagation
The next faulty component is Cmin1 = G with tGf =
45000. As S2 ∈ St(G), the shaft S2 will be in ab-
normal mode at tGf due to an abnormal temperature
provoked by the rupture gear. Weibull characteristics
associated to the private parameter rS2 of the shaft
S2 are then be updated according to this unexpected
stress and the new rtf is evaluated:

rtf(rS2, t) = (tS2
f − t) = 86000 hours (17)

s.t. 0.138 +

∫ tS2f

tGf

W (t,1.3,65000,10)dt = 0.8.

The Weibull distributions calculated by the prognosis
process for the component S2 are illustrated by Figure
7. The transmission system is essentially a series sys-
tem in which the fault of any one component causes
a system failure. As RUL(S1, t) = 100000 hours,
RUL(G, t) = 45000 hours and RUL(S2, t) = 86000
hours, then RUL(Σ, t) = 45000 hours.
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Figure 7: Output of prognosis process for the component S2

5 CONCLUSION

This paper presents a formal modeling framework for
a heterogeneous multi-component system that allows
to describe the available knowledge on component be-
havior and degradation. A generic adaptive prognosis
process is proposed in order to compute a fault prob-
ability for each component by using the parametrized
Weibull model and evaluate the remaining useful life
of the system.

Perspective works will focus on the implementa-
tion of the prognosis methodology using the Model-
ica language. The nominal mode defined in this paper
for a component is unique and describes all possible
normal behaviors. When a component is in nominal
mode, the prognosis process has to predict the occur-
rence of each possible fault defined in the model. It
would be interesting to distinguish different nominal
modes from which only some faults may occur. This
will limit calculations for the implementation of a real
time prognosis process. For many applications, a fault
in a component may cause some abnormal solicita-
tion not only for downstream components but also

for upstream components. Another perspective is to
consider bidirectional inputs/outputs for some com-
ponents in the modeling framework and to study fault
propagation in both directions.
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