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This article proposes a new diagnosis approach extended to switched mechatronic systems.
The best tools of modeling and supervision, notably bond graph and observer, are used to
move towards a high reliable fault detection and isolation approach. Researchers have
always divided the hybrid observer into two blocks: a location observer that identifies the
current mode and a continuous observer that detects faults. Applying the same logic to a
system with a higher number of parameters from different energy domains increases the
number of calculations and leads to a combinatorial explosion. The innovative interest of
the present paper is the optimization of the observer's number using only one block to
detect and, at the same time, locate faults. As a second objective, this paper presents an
extension of the method to include complex industrial devices, which are in most cases
switched mechatronic systems.
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1.

INTRODUCTION

two types of dynamics: discrete jumps and continuous flows;
we refer to switched systems. Thus, the challenge of industrial
systems diagnosis is how to analyze the system behavior and
consider, at the same time, the interaction between the
continuous and the discrete dynamics and also the
interconnection between different energy domains.
For this reason, we have developed a new approach based
on bond graph, usually used in the field of continuous systems,
combined with automaton well-known in the field of discrete
event systems. A combination that facilitates the modeling of
hybrid mechatronic systems and brings good results.
This paper presents a hybrid diagnosis method with
application to switched mechatronic systems. In this
contribution, the bond graph models the system behavior and
provides a first diagnosis layer, and the observer detects and
locates faults using residues.
Traditionally, diagnosis of hybrid systems has involved two
blocks of observers, which communicate with each other to
ensure reliable information: location observers identify the
active mode, and continuous observers detect and locate faults
[8, 9]. Applying this method to switched mechatronic systems
increases the number of calculations and leads to a
combinatorial explosion. Historically, the focus has always
been on hybrid systems independently of mechatronic systems
or vice versa. Few studies have combined the two aspects such
as [10, 11]. According to our knowledge, no article has
covered the diagnosis of switched mechatronic systems in a
direct way. As a result, the two-block method was applicable,
and researchers did not work on the optimization of the
observer’s number. As a solution, the present paper optimizes
the number of observers using only one block of observers to
detect and locate faults. This study also presents a
generalization of the method to include all industrial systems,
which are in most cases switched mechatronic systems.
Relying on its preliminary diagnostic properties; bond graph
is used to ensure a more accurate diagnosis based on a reliable
model.

Today’s industrial systems are of ever-increasing
complexity. They exhibit hybrid dynamical behavior in
various energy domains. More mechatronic systems are
equipped with actuators, sensors, digital integrated circuits,
and software to perform tasks autonomously, at the same time
complying with requirements of safety, reliability, availability,
and maintainability [1]. Companies must face all these
different challenges to ensure their future in a competitive
world, where there is no room for error. A simple undetected
defect or a machine breakdown can lead to serious problems
impacting the company's existence. For this reason, fault
detection and isolation (FDI) has received much importance,
and draws much attention during the past decades and its
applications have been developed in different industries [2].
Model-based fault detection has been accepted as a
powerful approach to solving diagnosis problems. The main
idea of this technique is the construction of a residue that
indicates the presence of a fault. There is a large number of
methods based on residues generation. The classical ones are
parameter estimation [3], parity-space [4], and observers [5-7].
Among the list, the observer-based technique is considered the
most popular and robust.
Model-based fault detection does not mean focusing only
on fault diagnosis and supervisory schemes but also including
modeling as an indispensable part of process reliability. The
more accurate the model, the higher is the probability of
correct diagnosis and the lower is the false alarm probability
[2]. Since many engineering devices are mechatronic systems
combining various energy domains, bond graphs are
considered the most suitable for their development models.
They provide a unified approach to describe the dynamical
behavior for all types of physical systems and offer a simple
procedure to extract the mathematical model.
In addition to being mechatronics, industrial systems are
increasingly hybrid; systems that involve the interaction of
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The paper is organized as follows: After the introduction,
Section II gives a brief description of switched mechatronic
systems. Section III presents the bond graph and its power to
model mechatronic systems. Section IV details the steps of the
proposed method. Section V deals with the application of the
method on an example, where simulation results are presented
and discussed. Finally, Section VI concludes the paper and
exhibits some perspectives.
2.

together. A collection composed of three subgroups
constituting a total of nine different elements:
-Three passive elements: resistance R, inertia I, and
capacitance C.
-Two active elements: source of flow Sf and source of effort
Se.
-Four junction elements: zero junction 0, one junction 1,
transformer TF, and gyrator GY.
-In addition to these three subgroups, two detectors are
added: effort detector De and flow detector Df.
The power exchanged between these connected multiport is
the product of the two generalized variables: effort and flow
which are the key feature of this tool.
To construct a BG model of a mechatronic system, it is
recommended to decompose the multi-physical system into
several energy domain parts (electrical, mechanical, hydraulic,
pneumatic, thermal, etc.) and create links between the different
blocks using bonds, which represent the exchanged power.
Then, for each part, a BG model should be derived using
specific procedures dedicated to each domain [21, 22].

SWITCHED MECHATRONIC SYSTEMS

The term Mechatronics originated at the Yaskawa
Corporation from the combination of mechanics and
electronics in 1969 [12]. During the next years, the term has
taken a wider meaning and several definitions have been
proposed in the literature. All definitions agree that
mechatronic is an interdisciplinary field; in which mechanical,
information technology, and electronic disciplines act together
[13].
Switched systems are a class of hybrid dynamical systems
formed by a collection of linear subsystems and a switching
rule that decides which of the subsystems is active at each
moment in time. These systems present perfectly complex
behaviors of dynamical systems interacting with logical rules
or controllers. The literature on this subject is abundant. Some
references can be consulted to have an overview as [14, 15].
Switched mechatronic systems constitute the major part of
industrial systems. It deals with the discrete as well as the
continuous part of mechatronic systems. As a result, a
complete and exhaustive presentation of the system behavior
is given by taking into account the hybrid dynamic and also
the different energy domains involved in the system.
3.

3.1 Hybrid bond graph modeling
Bond graph is usually used in the field of continuous
dynamic. In order to incorporate the discrete behavior, hybrid
automaton is used.
Hybrid automaton is a formal model for mixed discretecontinuous systems [23]. It is an extended finite-state
automaton with continuous variables covering the continuous
and discrete aspects of hybrid dynamical systems.
The proposed Bond Graph-Hybrid Automaton Coupling
consists in modeling the continuous evolution of the system by
a bond graph and the discrete evolution by a hybrid automaton
[24]. Each continuous evolution represents a mode and the
transition from a mode to another is defined by a logic
condition C as shown in Figure 1 below:

BOND GRAPH MODELING

In the 19th century, Lord Kelvin and James Clerk Maxwell
observed that a varied type of phenomena gives rise to similar
forms of equations, finding analogies between heat flow and
electric effort and between lines of force and fluid streamlines.
In the 1940s and 1950s, H.M. Paynter worked on
interdisciplinary engineering projects including hydroelectric
plants, analog, and digital computing, nonlinear dynamics, and
control [16]. Through this experience, he detected those
similar forms of equations are generated by different dynamic
systems in a wide variety of domains: hydraulic, electric,
pneumatic, mechanic, etc.; and these physical systems have in
common the conservation laws for mass and energy. Therefore,
Prof. H.M. Paynter gave the revolutionary idea of a unified
approach to model physical systems, notably bond graphs.
Bond graph tool is a graphical representation of a physical
system. It takes into account the mathematical model and the
system structure [17]. It allows the generation of not only a
behavioral model but also a mathematical model represented
under a transfer function or a state-space. In addition, bond
graphs use structural and causal analysis, which are essential
to design and monitor systems like controllability,
observability, sensor placement, and fault detection and
isolation [18-20]. All these features make bond graphs the best
tool for advanced modeling and analysis.
A bond graph is a group of multiport elements bonded

Figure 1. Bond graph-hybrid automaton coupling
4.

FAULT DETECTION AND ISOLATION METHOD

4.1 Model error diagnosis
A model containing errors leads directly to a wrong
diagnosis. Thanks to the notion of causality, bond graph
detects preliminary modeling errors and provides a first
diagnostic layer.
In bond graphs, the inputs and outputs are organized by the
effort causality and flow causality. The causality assignment
process categorizes efforts and flows into input and output sets.
It establishes the cause and effect relationships between power
factors and allows the detection of modeling inconsistencies
[25, 26].
Table 1 below lists the fundamental causal constraint of
bond graphs [27].
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Table 1. Bond graph’s basic multi-ports elements
Multi-port name

Power flow

𝑥̇ (𝑡) = 𝐴𝑖 . 𝑥(𝑡) + 𝐵𝑖 . 𝑢(𝑡)
𝑆𝑖 : {
𝑦(𝑡) = 𝐶𝑖 . 𝑥(𝑡) + 𝐷𝑖 . 𝑢(𝑡) + 𝐸𝑖 . 𝑑(𝑡)

Computational
causality

(2)

where, 𝑥(𝑡) ∈ ℝ𝑘 is the state vector, 𝑦(𝑡) ∈ ℝ𝑚 is the output
vector, 𝑢(𝑡) ∈ ℝ𝑝 is the input vector, 𝑑(𝑡) ∈ ℝ𝑘 represents
the vector of defaults.
The system matrix is 𝐴𝑖 ∈ ℝ𝑘∗𝑘 , the control matrix is 𝐵𝑖 ∈
𝑘∗𝑝
ℝ , the output matrix is 𝐶𝑖 ∈ ℝ𝑚∗𝑘 the feedthrough matrix
is 𝐷𝑖 ∈ ℝ𝑚∗𝑝 .
𝐸𝑖 ∈ ℝ𝑚∗𝑘 is the defect distribution matrix acting on the
measurement equation (faults sensors) in a mode i.
Each mode is described by Eq. (3):

Effort source
Flow source
Resistor

Capacitor

𝑥̇ (𝑡) = 𝐴𝑖 . 𝑥(𝑡) + 𝐵𝑖 . 𝑢(𝑡)
𝑆𝑖𝑗 : {
𝑦𝑗 (𝑡) = 𝐶𝑖𝑗 . 𝑥(𝑡) + 𝐷𝑖𝑗 . 𝑢(𝑡) + 𝐸𝑖𝑗 . 𝑑(𝑡)

Inertia

(3)

where, i∈[1,n] and j∈[1,m].
We associate to each output j evolving in a mode i an
observer. Luenberger Observer is a simple and robust observer
that can be used to applicate our method. It is represented by
the mathematical model in Eq. (4):

Transformer

𝑥̇̌ (𝑡) = 𝐴𝑖 . 𝑥̌(𝑡) + 𝐵𝑖 . 𝑢(𝑡) + 𝐿𝑖𝑗 (𝑦(𝑡) − 𝑦̌(𝑡))
𝑂𝑖𝑗 : {
𝑦̌𝑗 (𝑡) = 𝐶𝑖𝑗 . 𝑥̌(𝑡) + 𝐷𝑖𝑗 . 𝑢(𝑡)
𝑥̌(0) = 𝑥̌0

Gyrator

(4)

As shown in Eq. (5), 𝑒𝑖𝑗 (𝑡) is the estimation error between
the system state x (t) and the reconstructed state 𝑥̌(𝑡):

0-junction

𝑒𝑖𝑗 (𝑡) = 𝑥(𝑡) − 𝑥̌(𝑡)

1-junction

(5)

As shown in Eq. (6), the residue 𝑟𝑖𝑗 (𝑡) is the estimation
error between the obtained output 𝑦(𝑡) and the reconstructed
output 𝑦̌(𝑡):

The column, computational causality, in Table 1 presents
the possible causality of each element. The causal stroke, at
one end of a bond specifies the direction of the effort, while
the flow is always in the opposite direction as shown in Figure
2 below:

𝑟𝑖𝑗 (𝑡) = 𝑦(𝑡) − 𝑦̌(𝑡)

(6)

The error derivative gives the following results in Eq. (7):
{

𝑒̇𝑖𝑗 (𝑡) = (𝐴𝑖 − 𝐿𝑖𝑗 𝐶𝑖𝑗 ). 𝑒𝑖𝑗 (𝑡) − 𝐿𝑖𝑗 𝐸𝑖𝑗 𝑑(𝑡)
𝑟̇𝑖𝑗 (𝑡) = 𝐶𝑖𝑗 . 𝑒𝑖 (𝑡) + 𝐸𝑖𝑗 . 𝑑(𝑡)

(7)

Figure 2. Causal stroke of an element
Having an inconsistency of causality rules reveals a
modeling error that must be rectified before starting the fault
detection and isolation adventure.
4.2 Fault detection logic
Consider a nonlinear dynamical system that has m outputs
and functions in n modes. The state-space represented in Eq.
(1) describes the linear dynamical behavior of a mode i ∈[1,n].
𝑥̇ (𝑡) = 𝐴𝑖 . 𝑥(𝑡) + 𝐵𝑖 . 𝑢(𝑡) + 𝐸𝑖𝑥 . 𝑑(𝑡)
𝑆𝑖 : {
𝑦(𝑡) = 𝐶𝑖 . 𝑥(𝑡) + 𝐷𝑖 . 𝑢(𝑡) + 𝐸𝑖𝑦 . 𝑑(𝑡)

(1)
Figure 3. Observer's structure

The approach presented in this paper concerns only sensors
faults; as a result, we consider that 𝐸𝑖𝑥 = 0, and the system is
described by Eq. (2):

As shown in Figure 3, each observer receives all the inputs
outputs of the system. Reconstructed outputs 𝑦̌(𝑡) are
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compared instantly to measured outputs to generate residual
vectors rij.
The based residual evaluation compares each element
calculated to a threshold Tij, which is defined according to the
disturbances modeling errors and noise measurements; we
then use the following decision logic:
If ǀrij(t)ǀ>Tij
Sij=1 the output j is faulty
Else Sij=0.
The identification of the defected output consists in making
correspondence between the signature obtained and the
signature shown in the Table 2 below [9]:

if 𝑉𝑘 > Max
Max=𝑉𝑘 ;
c=k;
end
end
Sc is the mode with the higher number of repetitions of Sj.
In order to make the diagnosis more reliable, we add another
constraint on 𝑉𝑐 , which is the higher number of repetitions of
𝑆𝑗 . If 𝑉𝑐 >m/2, then the active mode is 𝑆𝑐 . Else, the active mode
is a default mode.
5.

APPLICATION EXAMPLE AND SIMULATION

Table 2. Theoretical table of signatures
Signature
Si1
Sij
Sim

𝐶1
1
0
0

𝐶𝑗
0
1
0

5.1 Description of the system

𝐶𝑚
0
0
1

The switched mechatronic system chosen for the
application of the diagnosis method is shown in Figure 4.

4.3 Mode identification
For a fixed output 𝑦𝑗 , the smallest residue 𝑟𝑖𝑗 (𝑡)
corresponds to the active mode i.
In order to generate the mode of each output, the residue
𝑟𝑖𝑗 (𝑡) will then be evaluated using the algorithm below:
for j=1:m
Min = 𝑟1𝑗 (𝑡);
Sj = 1;
for j = 2:n
If 𝑟𝑖𝑗 (𝑡) < Min
Min = 𝑟𝑖𝑗 (𝑡);
Sj = i;
end
end
end
S=(Sj) ∈ ℝ𝑚
If there is no default, then S(t)=a.U.
1
1
where, a is the active mode and U is the unit vector U= . .
.
( 1)
Else, the 𝑆𝑑 (𝑡) of the defected output will be different from
the others 𝑆𝑗 (𝑡).
The active mode is the mode of most outputs.
We suppose that we can't have more than half of the number
of sensors returning errors at the same time.
V= zeros(1,m);
for j=1:m
r=0;
for i=1:m
if 𝑆𝑖 == 𝑆𝑗
r=r+1;
end
end
𝑉𝑗 =r;
End
𝑉𝑗 is the number of repetition of 𝑆𝑗 .The highest value, 𝑉𝑐 , of
𝑉𝑗 corresponds to the active mode.
c=1;
Max=𝑉1 ;
for k=1:m

Figure 4. Mechatronic system example
The system is composed of a voltage source, a DC motor
providing a rotational movement, and a pump transforming
this latter movement to a hydraulic power in order to drive the
water to the tank.
The main purpose of this system is to maintain the liquid
level in the tank on a well-defined level: 0.8 ≤ l ≤ 1.5.
To control the water level in the tank, we act on the valve
states, which can have two positions:
Closed: mode 1
Opened: mode 2
Figure 5 shows the normal states of the system represented
by a hybrid automaton. To jump from a mode to another, the
system has to satisfy the conditions on the continuous state.

Figure 5. Hybrid automaton of the system
5.2 Behavior model
In order to simplify the study and focus on the diagnosis
method, the BG model of the system is built by taking into
account the following suppositions:
The voltage source is constant.
The electrical part (stator winding) of the DC motor is
composed of a resistance Ra and an inductance La. Its
mechanical part is represented by an inertia J and a mechanical
friction f.
The pump flow f is proportional to the motor rotation
Velocity ωf=Cy•ω.
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The BG model in integral causality of the mechatronic
system is given in Figures 6 and 7.
For each mode, we design a bond graph model:
Mode 2:

𝑑𝑖
𝑈 𝑅𝑎
𝑘
=
−
𝑖−
𝜔
𝑑𝑡 𝐿𝑎 𝐿𝑎
𝐿𝑎
𝑑𝜔 𝑘
𝑓
𝐶𝑦. ⍴. 𝑔
= 𝑖− 𝜔−
𝑙
𝑑𝑡
𝐽
𝐽
𝐽
𝑑𝑙 𝐶𝑦. ⍴. 𝑔
1
𝜔−
𝑙
{ 𝑑𝑡 =
𝑆
𝑅ℎ. 𝑆

(10)

We can represent our system under the state space in Eq.
(11):
𝑋̇ = 𝐴2 . 𝑋 + 𝐵2 . 𝑢
{
𝑌 = 𝐶2 . 𝑋

(11)

𝑓1
𝑖
where, X=( 𝑓8 )=(𝜔 ).
𝑙
𝑒10
The system matrix is represented by Eq. (12):

Figure 6. BG model of the second mode
Mode 1:

−
𝐴2 =

𝑅𝑎
𝐿𝑎
𝑘
𝐽

( 0

𝑘
𝐿𝑎
𝑓
−
𝐽
𝐶𝑦. ⍴. 𝑔
𝑆
−

0
𝐶𝑦. ⍴. 𝑔
𝐽
1
−
𝑅ℎ. 𝑆 )

−

(12)

The control matrix is represented by Eq. (13):
1
𝐿𝑎
𝐵2 = ( )
0
0
Figure 7. BG model of the first mode

The output matrix is represented by Eq. (14):

Bond graph in integral causality is used to generate the
dynamic model of the system by following the steps below:
• Define the inputs and outputs variables
• Write the junction equations
• Write the active and passive elements equations
• Combine the above equations to get the state space
equations
The equations derived from the junctions “0” and “1,” the
transformer “TF,” and the gyrator “GY” of the bond graph
model are given for the two modes in Eq. (8) and Eq. (15)
below:
Mode 2:
𝑓1 = 𝑓2 = 𝑓3 = 𝑓4 = {𝑖} 𝑒5 = 𝑘𝑓4
{
;{
𝑒4 = 𝑘𝑓5
𝑒1 = 𝑒2 + 𝑒3 + 𝑒4
𝑓5 = 𝑓7 = 𝑓8 = 𝑓6 = {𝜔}
{
;
𝑒5 = 𝑒6 + 𝑒7 + 𝑒8
𝑓9 = 𝑓10 + 𝑓11
𝑓9 = 𝑟. 𝑓8
{
;{
𝑒8 = 𝑟. 𝑒9 𝑒9 = 𝑒10 = 𝑒11 = {𝑙}

1
𝐶2 = (0
0

𝑑𝑓2
𝑑𝑡

; 𝑒7 = 𝑓. 𝑓7; 𝑒6 = 𝐽.

𝑒11 = 𝑅ℎ. 𝑓11; 𝑓10 = 𝐶ℎ.

𝑑𝑒10
𝑑𝑡

; 𝑅ℎ =

𝑅
⍴.𝑔

;

; Ch=S

(14)

(15)

Transformer module 𝑟 = 𝐶𝑦. ⍴. 𝑔.
The constitutive equations of the bond graph elements are
given in Eq. (16) below:

(8)

𝑑𝑡

0
0)
1

𝑓1 = 𝑓2 = 𝑓3 = 𝑓4 = {𝑖} 𝑒5 = 𝑘𝑓4
{
;{
;
𝑒4 = 𝑘𝑓5
𝑒1 = 𝑒2 + 𝑒3 + 𝑒4
𝑓5 = 𝑓7 = 𝑓8 = 𝑓6 = {𝜔} 𝑓9 = 𝑟. 𝑓8
{
;{
𝑒5 = 𝑒6 + 𝑒7 + 𝑒8
𝑒8 = 𝑟. 𝑒9

e3=Ra.f3; 𝑒2 = 𝐿𝑎.

𝑑𝑓6

0
1
0

Mode 1:

𝑒6 = 𝐽.

𝑑𝑓6
𝑑𝑡

𝑑𝑓2
𝑑𝑡

;𝑒7 = 𝑓. 𝑓7;

; 𝑓9 = 𝐶ℎ.

𝑑𝑒9
𝑑𝑡

; Ch=S

(16)

The dynamic model of the mechatronic system can be
obtained in the form of state space represented in Eq. (17)
below:

Transformer module 𝑟 = 𝐶𝑦. ⍴. 𝑔.
The constitutive equations of the bond graph elements are
given in Eq. (9):
e3=Ra.f3; 𝑒2 = 𝐿𝑎.

(13)

𝑑𝑖
𝑈 𝑅𝑎
𝑘
=
−
𝑖−
𝜔
𝑑𝑡 𝐿𝑎 𝐿𝑎
𝐿𝑎
𝑑𝜔 𝑘
𝑓
𝐶𝑦. ⍴. 𝑔
= 𝑖− 𝜔−
𝑙
𝑑𝑡
𝐽
𝐽
𝐽
𝑑𝑙 𝐶𝑦. ⍴. 𝑔
=
𝜔
{
𝑑𝑡
𝑆

(9)

The dynamic model of the mechatronic system can be
obtained in the form represented in Eq. (10) below:

(17)

We can represent our system under the state space in Eq.
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(18) below:
𝑋̇ = 𝐴1 . 𝑋 + 𝐵1 . 𝑢
{
𝑌 = 𝐶1 . 𝑋

The next step is the construction of a bond graph model
equivalent to the observer equations.
This model, noted OBG, is composed of the term 𝐿(𝑌 − 𝑌̌ )
added to the IBG model.
Figures 8 and 9 represent the linear injection of the term
𝐿(𝑌 − 𝑌̌) into the dynamic elements I and C, using modulated
sources: the modulated flow source MSf for an element I and
the modulated effort source MSe for an element C.
The “E” used below is a symbolic representation of an
element to which C or I is attached by a bond.

(18)

𝑓1
𝑖
where, X=( 𝑓8 )=(𝜔 ).
𝑙
𝑒10
The system matrix is represented by Eq. (19):
−
𝐴1 =

𝑅𝑎
𝐿𝑎
𝑘
𝐽

( 0

𝑘
𝐿𝑎
𝑓
−
𝐽
𝐶𝑦. ⍴. 𝑔
𝑆
−

0
−

𝐶𝑦. ⍴. 𝑔
𝐽
0

(19)
)

The control matrix is represented by Eq. (20):
1
𝐿𝑎
𝐵1 = ( )
0
0

(20)

The output matrix is represented by Eq. (21):
1
𝐶1 = (0
0

0
1
0

0
0)
1

Figure 8. The case of the
element C
(21)

The observer BG model of each mode is shown in Figure
10 and 11 below:
K1, K2, K3 are the components of the vector 𝐿𝑖𝑗 , i ∈ {1, 2},
j ∈ {1, 2, 3}.
Mode 2

5.3 Observer-based fault diagnosis method
The simplest kind of observers that we can use to applicate
our method is Luenberger, which is represented by the
mathematical model in Eq. (22) below:
𝑥̇̌ (𝑡) = 𝐴𝑖 . 𝑥̌(𝑡) + 𝐵𝑖 . 𝑢(𝑡) + 𝐿𝑖𝑗 (𝑦(𝑡) − 𝑦̌(𝑡))
𝑂𝑖𝑗 : {
𝑦̌𝑗 (𝑡) = 𝐶𝑖𝑗 . 𝑥̌(𝑡) + 𝐷𝑖𝑗 . 𝑢(𝑡)
𝑥̌(0) = 𝑥̌0

Figure 9. The case of the
element I

(22)

In this example, the bank of observers used, consists of six
observers: 𝑂𝑖𝑗 , i ∈ {1, 2}, j ∈ {1, 2, 3}. Each observer is
sensitive to an output.
Let us use the pole placement technique to determine the
observer gains. To do this, the poles are chosen as follows in
Eq. (23):
−70 + i
P11 = P12 = P13 = P21 = P22 = P23 = (−70 − i)
−70

(23)

The gain of each observer is defined in Eq. (24):
1.3
−0.03
L11 = 102 (−3701); L12 = ( 131.2 );
259.3
−12.9
−1.6
1.3
L13 = 102 (2512.3); L21 = 102 (−3645.2);
1.31
248.3
−0.03
−1.6
L22 = ( 130.2 ); L23 = 102 (2512.3)
−12.6
1.3

(24)

Figure 10. BG model of the second mode and its observer

688

Mode 1

preliminary conditions.
In order to test the effectiveness of our proposed diagnosis
approach, we inject a sensor fault and we present the response
of the system. Our aim is to detect the active mode and locate
the defected output.

Figure 12. The discrete-continuous evolution of the system

Figure 11. BG model of the first mode and its observer
5.4 Simulation results
The simulation of the system has been performed by the
software Matlab and 20-sim. The numerical values of
parameters are shown in Table 3.
Table 3. Numerical values of parameters
Symbol
Ua
Ra
La
J
f
k
g
S
Cy
R
⍴

Description
Voltage source
Electrical resistance of the
DC motor
Inductance of the DC motor
Inertia of the rotation part
Friction coefficient of the
mechanical part of the DC
motor
Gyrator ratio
gravitational acceleration
Surface area of the base of the
tank
Volumetric displacement of
hydraulic pump
Hydraulic resistance of the
valve
Water Density

Numerical value
48 V

Figure 13. Zoom on the level l of the tank

4Ω
55 mH
43.10−6 Kg. m2
26.10−5 N. m. s
0.002 V.S/rad
9.8 m. s −2
1 m2
1.59.10−6 m3
/rad
9.8.103 N. s. m−5
103 Kg. m−3

The normal evolution of the discrete and the continuous
states are presented in Figure 12. The switching between
modes occurs when the conditions are realized. The
Simulation time is fixed at 10s to show the dynamic behavior
of the system in the two modes.
The graphs above give a view on the evolution of the system
parameters. Each mode is distinguished from the other by a
different dynamic.
The zoom on the level l of the tank in Figure 13 shows a
water level varying between 0.8 and 1.5 and respecting the

Figure 14. Residues
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Figure 14 shows the residues responses. The fault detection
decision consists in comparing the residues to defined
thresholds.
The detection thresholds of the chosen mechatronic system
are given in the Table 4.
Table 4. Detection thresholds
Threshold
Numerical value

𝑻𝟏𝟏
0.03

𝑻𝟐𝟏
0.03

𝑻𝟏𝟐
0.1

𝑻𝟐𝟐
0.1

𝑻𝟏𝟑
0.03

𝑻𝟐𝟑
0.03

We notice that at the instant 4s, the two residues r11 and r21
depart significantly from zero and exceed their respective
threshold T11 and T2,1 which means the detection of an error
in the first output y1.
Figure 15 shows the result of the residues evaluation
generating the sensors signature below:

Figure 17. Real modes VS estimated modes
6.

CONCLUSION

This paper proposes a hybrid fault diagnosis method applied
to switched mechatronic systems. It is a new model-based
approach allowing fault detection and isolation of several
industrial systems. The first phase concerns the construction
of the system model using Bond Graph-Hybrid Automaton
Coupling, where the continuous state is modeled by a bond
graph and the discrete state is described by a hybrid automaton.
A first model diagnosis layer is detailed to detect modeling
errors using bond graphs, and a second fault detection and
isolation method is elaborated to detect and locate faults using
hybrid observers.
The focus has always been on mechatronic systems
independently of hybrid systems or vice versa. The advantage
of this method is its ability to detect sensor faults in most
industrial systems. Whether for mechatronic systems,
switching systems, or both, the proposed approach finds a fast
and powerful solution by optimizing the number of
calculations.
The present study has only examined sensor faults.
Therefore, an extension of the proposed method to the
diagnosis of actuators could be a relevant perspective to
enlarge the approach and make it more efficient.

Figure 15. Sensor signature
Using sensors signatures, the fault is clearly detected. The
next step is the identification of the active mode.
Figure 16 shows the generated signatures corresponding to
the mode of each output.
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