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Summary 
This paper proposes a robust diagnosis observer of dynamical 

systems modeled by Bond Graph approach. The observer design 

is achieved by using graphical methods taking advantage of 

structural properties of the bond graph model. The fault 

indicators are generated in the presence of parameter 

uncertainties. Simulation results are used to show the dynamic 

behavior of system variables and to evaluate the performance of 

the observer for fault diagnosis. 
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1. Introduction 

The increasing complexity of the dynamical systems and 

the high reliability required of them have created the need 

of fault detection and isolation (FDI) techniques. This 

development has been demonstrated by a large number of 

publications [1]. Indeed, the complete knowledge of the 

state system is often necessary to develop a control law or 

the establishment of a monitoring strategy or diagnosis.  

Many standard observer-based techniques exist in the 

literature for linear and nonlinear systems [2]. Luenberger 

observer-based approach [3], in which an observer plays 

the role of the residual generation module, is one of the 

most famous techniques used for residual generation.  

Dynamical systems are composed of elements belonging to 

multiple energy domains (thermal, hydraulic, mechanical, 

electrical, etc.). The causal properties of the bond graph 

methodology can help to derive state space form of the 

system and to design fault detection and isolation (FDI) 

algorithms, i.e. the generation of fault indicators [4]. In this 

way, by bond graph (BG) models, it becomes possible to 

obtain the behavioral knowledge of the system and to 

improve its monitoring. 

The first bond graph approach for the design of 

Luenberger observers has been developed by Karnopp [5] 

for a control purpose. Pichardo-Almarza et al. [6] are 

proposed a bond  

graph approach for building reduced order Luenberger 

observers and proportional integral observer. These 

techniques are not used for FDI. Our contribution is to 

extend theses observers for fault diagnosis.   

The diagnosis of uncertain systems has been the subject of 

several research works in recent years [7]. Dauphin-Tangy 

and al [8] are proposed two methods for modelling 

uncertainties by using bond graph approach. The first 

method is based on describing parameter uncertainties as 

bond graph elements, and the second method introduces 

the LFT form (Linear Fractional Transformation) for 

uncertainties modelling.  

The innovative interest of the present paper is the use of 

the Luenberger observer by bond graph tool for modelling 

and robust diagnosis, taking into account the parameter 

uncertainties. In this way, by applying the bond graph 

methodology using LFT model, it becomes possible to 

obtain physical knowledge of the systems and to improve 

their monitoring by deducing residuals fault indicators and 

consequently, to insure the best safety able to detect and to 

isolate imperfections.  

This paper is organized as follows: Section II deals with 

observer design based on bond graph approach. Section III 

proposes a robust diagnosis observer using the BG. An 

illustrative example of a DC motor is developed in section 

IV and shows the efficiently of the proposed method.  

2. Diagnosis by Observer Using Bond Graph 

Approach 

2.1 Bond graph modeling 

The bond graph approach was defined in 1961 by Henry 

Paynter [9] and then developed by Karnopp [10]. 

This energetic approach serves to emphasize analogies 

between different fields of physics (mechanics, electricity, 

hydraulics, thermodynamics, acoustics, etc.) and to 

represent in uniform multidisciplinary physical systems. 

Because of its structure and causal properties, the bond 

graph tool is more and more used for modeling and fault 

diagnosis. The causal properties of the bond graph tool 

were initially used for the determination of the origin of the 

faults. 
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In this paper, the BG is used for modeling, state estimation, 

diagnosis and simulation of dynamical systems. 

2. 2 Principle of Diagnosis by observer approach  

The diagnosis using the observer state estimation is a 

method that has become the most widely used industry [2]. 

The principle of such method is given in figure 1. 

 

 

 

 

 

 

 

 

 

Fig. 1 Diagnosis by observer design  

Residuals equations have the following forms:  

� Residual state estimation: 

� Residual output estimation: 

The diagnosis consists on analyzing the residual outputs 

estimations (r) and their sensitivity to faults.  

2.3 Design observer by bond graph approach  

To design the observers, we have to check the 

observability of the system. From a Bond Graph point of 

view proposed by Sueur and Dauphin-Tanguy [11], a bond 

graph model is structurally observable if the following two 

conditions are satisfied: 

(i) There are at least causal paths linking a sensor for each 

dynamic element I or C in the integral causality when 

we put the bond graph in integral preferred causality.  

(ii) Second condition: All the elements I or C admitting 

derivative causality when we put the bond graph in 

derivative causality, and we dualized sensors. 

The observer equation using bond graph variables is shown 

in eq.(1) : 

 

 

 

 

 

 

 

 

With          is the estimate state vector,         is the estimate 

output, u(t) is the input vector, y(t) is the output vector,  p 

and q are the energetic variables of  BG modeling (p: 

momentum,  q: displacement), A, B and C are constant 

matrices with appropriate dimension.  K is the observer 

gain. 

The structure of Luenberger observer based on BG 

modeling  is presented in figure 2.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2 Structure of a Luenberger observer based on BG 

For the diagnosis, we have to determine the residual output 

estimate (r). 

3. Robust Diagnosis by Observer Using the 

Bond Graph Model 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3 Luenberger observer based on BG-LFT modeling 
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ŶG,F̂T,1̂,0̂

 R̂ Î,Ĉ
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The modeling of linear systems with uncertain parameters 

by BG approach has been developed by [8]. The 

uncertainty of a bond graph element is another element of 

the same type, causally linked to the element or the rest of 

the nominal model. The diagnosis by analytical 

redundancy relations (ARRs) of the system subject to 

uncertainly parameters is developed in [12]. In this paper, 

we propose a robust diagnosis of uncertainty system by 

observer design based on BG approach. The obtained 

system is shown in figure 3. 

The uncertainty regardless of type (parametric 

uncertainties, uncertainty modeling, measurement noise ...) 

are combined in a ∆ block. w and z respectively include 

the inputs and auxiliary outputs. 

4. Robust residual generation  

The residual generation from a Luenberger observer using 

bond graph approach is summarized as the following steps:  

 

(i) Verify that the bond graph model of the system is 

structurally observable;  

(ii) Construction of the observer using the bond graph;  

(iii) The symbolic expression of residual is deduced from 

the following equation:      (2) 

(iv) The residual is in the form (3): 

      (3) 

5. Application 

5. 1 Bond graph model of DC motor 

Consider the circuit diagram of a direct current (DC) motor 

and its bond graph model given in figure 4. For this system, 

we detect faults at the sensors (Df1, Df2).  
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Fig. 4 a) A DC motor b) bond graph model of DC motor 

The states equations are: 

 

 

 

 

      (4) 

 

 

Table 1: The parameters values of the DC motor 

Symbol Designations 
Nominal 

Values 
Uncertainties 

U Voltage motor 220V  

E Electromotive 
force 218.9V  

R Rotor resistance 1Ω aR=0 

L Rotor inductance 5mH aL=0.000052 

b Coefficient of 
viscous 

10−4 
Nm/rd. s−1 ab=0 

J Moment of inertia 10−3 
Kg.m2 

 
aJ=0.000012 

m Coefficient of the 
torque 0.2Nm/A  

i Current  
0.54A  

Ω Speed 1097 rpm  

5.2 Diagnosis by observer using bond graph 

approach 

We have verified the existence conditions of observer 

design of the DC motor system modeled by BG: 

When we put the bond graph model of DC motor with 

preferred integral causality, there is a causal path linking 

the sensors Df1 and Df2 for each dynamic element L and J 

(figure 5.b). Also, when the bond graph model of DC 

motor is affected with derivative causality, all the elements 

L and J have derivative causalities and the sensors Df1 and 

Df2 are dualized. 

The Luenberger observer using bond graph approach is 

represented by figure 5. 
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Fig. 5 Luenberger observer of DC motor by BG 

We have simulated the system with 20sim. Figure 6 shows 

the real and estimates state evolution.  
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Fig. 6 State variables evolutions 

5. 3 Residual generation in normal operating 

From BG model of figure 6, we can deduce the residual r1 
and r2. 

� The residual  r1 : 

 

Therefore 

 

(5) 

� The residual r2: 

Therefore  

 

 

(6) 

Figure 7 shows that the residuals converge to zero. 

 

 

(a) 

 

 

 

(b) 

 

 

 

Fig. 7  a). Residual r1 in the normal operating  

           b). Residual r2 in the normal operating 

5. 5 Diagnosis observer based on BG-LFT model 

Figure 9 shows the Luenberger observer of the DC motor   

using the BG- LFT model. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 9  Luenberger observer of the DC motor using the bond graph model 

LFT  

From BG model (figure 9), we can deduce the residual R1 

and R2. 

� The residual  R1 : 
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      (9) 

The eq. (9) is composed of two parts: the first part 

corresponds to the normal residual evolution (r1) and the 

second part represents the residual evolution related to 

uncertainty parameters (d1). 

 

 

 

 

 

 

� The residual R2: 

Therefore 

 

 

      (10) 

 

The residual R2 (10) includes a nominal part (r2) and a 

second part related to uncertainty parameters (d2). 

 

 

 

 

 

 

 

ARRs based on BG-LFT model  

For the purpose to compare the proposed diagnosis 

observer design with ARRs technique of uncertain systems 

developed by [12]. We have apply the ARRs to the DC 

motor.   Figure 10 shows the BG-LFT model of the system. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 10 LFT-BG model of the DC motor 

From BG model (figure 10), we can deduce the ARRs: 

� ARR1 :  

 

 (11) 

 

(11) is composed of two parts, the first part related to 

normal residual and the second part to the uncertainty 

parameter. 

 

 

 

 

 

�  ARR2 : 

 

(12) 
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Comparison of observer design and RRAs based on BG 

modeling  

Table 2: The advantages and disadvantages of the two diagnosis methods. 
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6. Conclusion 

In this paper, a fault detection and isolation (FDI) by 

observer technique based on BG modeling is proposed. 

The observer is designed by using graphical tools taking 

advantage of structural properties of the bond graph model. 

The fault indicators are generated in the presence of 

parameter uncertainties. Our future works concern the 

bank observer by bond graph for location sensor fault or 

actuator fault (DOS and GOS). New techniques will be 

developed for the fault isolation and location.  
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