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Abstract  - A large diversity of advanced methods for 

automated fault detection has been developed with a variety 

of techniques in different domains. The effectiveness of the 

diagnosis for technical processes is highly improved when 

the diagnostic system is able to conclude in parallel to the 

dynamic industrial processes. This paper presents the design 

a diagnostic approach which aims to increase the 

performance of the decision making in fault diagnosis. The 

proposed approach takes into account the knowledge form 

the reliability analysis and the model-based fault dynamic 

component behavior. The effectiveness and the performance 

of the technique are illustrated by a case study.  
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I. Introduction 

High reliability, efficiency and safety of many 

industrial processes require the development of 

effective fault detection and diagnosis methods.  
Faults in systems are usually diagnosed using 

analytical redundancy by comparing the measured 

and the corresponding estimated outputs of the 

system.  
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A short historical view of fault detection and 

isolation can also be found in [1], [2] and 

current developments can be observed in [3], 

[4], [5]. The diagnostic procedure is composed 

of three stages: residual generation, residual 

evaluation and finally decision making.  

In principle, decision making is realized        

according to the elementary logic. Some 

specific mathematic algorithms can improve the 

efficiency of the decision making as [6], [7], [8]. 

However the binary data produced by residual 

evaluation are poor in information and as 

consequence some other knowledge to the 

residuals can be considered for fault isolation. 

Researchers [9], [10], [11], [12], [13], [14] have 

been proposed that it can be useful to combine 

qualitative and quantitative knowledge to 

improve the fault diagnosis efficiently. Fault 

isolation performance can increase through the 

integration of other source of knowledge in the 

diagnostic procedure.  

The aim of this paper is to propose a new 

approach in order to increase the performance of 

the decision making in fault diagnosis taking 

into account a priori knowledge of the system 

state of the dynamic performance.  

The paper is organized as follows: Section 2 

presents the evolution of intelligent fault 

detection techniques. Section III focuses on the 

modelling, simulation and model validation process, 

while Section IV presents the decision making 

design and the justification of the results. Finally, 

Section V includes concluding remarks.
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I. Evolution of intelligent 

Fault Detection 
techniques 

 

On-line fault detection techniques have been 

developed for automated processes during the 

last few years. These methods include numerical 

methods, artificial intelligence methods or 

combinations of the two methodologies. 

Artificial intelligence methods allow the 

development of effective diagnostic applications 

especially in the case of very complex time-

varying and non-linear systems.  

Neural networks find application in fault 

detection due to their main ability of pattern 

recognition. The network is trained to learn, 

from the presentation of the examples, to form 

an internal representation of the problem. For 

on-line fault detection it is needed to relate the 

sensor measurements to the causes of faults, and 

distinguish between normal and abnormal states. 

A number of input signals have to be weighted, 

added and combined to form output signals. It is 

necessary to cascade several layers in order to 

display complex relationships. The weighting 

factors are determined interactively on the basis 

of training data containing both the input signals 

and the corresponding output signals. Training 

is completed once the deviation drops below the 

prescribed permitted value. After training the 

generated weighting matrix contains all of the 

information required to conclude the fault status 

of the controlled system from a new measured 

step response on the basis of the reduced 

number of interpolation points. 

Qualitative models of normal and faulty 

equipment are simulated to describe the range of 

possible behaviours of the operation of a system 

without numeric models. The modelling of 

physical situations contains a set of qualitative 

equations derived from a set of quantitative 

equations or from qualitative descriptions about 

relationships among the process variables and 

contains knowledge about structure, function 

and behaviour. Sensor data from actual 

processes are used to select between the 

different developed models. The fault diagnosis 

is performed by comparing the predicted and 

observed behaviour of a system.   

Expert systems are find applications in the area 

of fault diagnosis from their early stages. In 

model-based expert systems expert knowledge 

is contained primarily in a model of the expert 

domain. These systems offer more robustness in 

diagnosis because they can deal with 

unexpected cases that are not covered by the 

classical heuristic applications. The knowledge 

bases of such systems are less expensive to be 

developed because they do not require field 

experience for their building. In addition, they 

are more flexible in case of design changes. 

Model-based diagnosis systems offer flexibility 

and accuracy but they are also domain 

dependent.  
 

II. Modelling and Simulation 

 

The modelling of the systems elements leads 

to a non-linear system of equations. This system 

can be written in the following state vector 

form: 

 

 where   

 

Thus:    

The results of the simulation process for the 

pressures pa and pb at the ports of the hydraulic 

motor are presented in Figure 1. 
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Figure 1. Simulation results 

 

The simulation results were validated after a 

comparison with the actual measurements.  

In order to validate the simulation model, the 

actual system was connected through sensors 

with a data acquisition system and the relevant 

curves of the variables were produced. The 

acquired data were compared with the 

simulation results. The sensor measurements 

refer to the pressures at critical points of the 

hydraulic system and the angular velocity. The 

objective of the validation process was mainly 

the estimation of the uncertain parameter values, 

as for example the parameter value of the 

friction torque, so that the model’s output 

behaviour has a satisfactory accuracy when 

compared with the behaviour of the actual 

system under various operating conditions using 

various values for the bypass orifices.   

Values from the simulation and from 

measurements are illustrated in Figure 2. Under 

consideration of the comparison results it can be 

concluded that the mathematical model is 

realistic and reasonably precise since the 

experimental results are consistent with the 

simulation results.  
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Figure 2. Comparison of measured and calculated results.  

     

III. Decision making design 

Faults are detected by setting a threshold on a 

residual generated from the difference between 

measurements and estimates of these 

measurements. The residual signals carry 

information on the time and isolation of the 

faults. When a fault occurs, the deviation from 

zero is such that the new condition can be 

distinguished from the fault free working mode.  

The role of the decision system is to determine 

whether the residuals differ significantly from 

zero and to decide about the faulty component. 

Figure 3 presents a diagram of the diagnosis 

process using system’s models. 

This system requires a knowledge base 

architecture that permits the interaction of 

sensor information, modelling information and 

experiential knowledge in symbolic 

representation. Experiential knowledge was 

complementary used to the scientific knowledge 

of the mathematical model in order to model 

more precisely the expert’s reasoning activity, 

to gain the efficiency of heuristics and the 

advantages of a real world application.  

The interaction of the various sources of 

information and knowledge was realized by 

knowledge representation scheme the “topic” 

that offers the opportunity to read external 

linguistic information from files that could be 

combined with the stored knowledge. 
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Figure 3. The fault detection design 

 

The system was tested for various cases of 

malfunction using simulated faulty conditions to 

examine the performance of system and to 

validate the presented method. It was found that 

a variation  5 % of the system parameters that 

include uncertainty does not affect the 

effectiveness of the fault detection process. 

IV. Conclusion 
 

The increasing complexity of industrial systems 

leads to increased requirements concerning 

diagnosis capabilities.  The diagnostic approach 

presented in this paper increases the 

performance of the decision making in model 

based fault diagnosis. The developed approach 

takes into account a priori knowledge of the 

system state and knowledge of the dynamic 

performance while combines effectively scientific 

with experiential knowledge. The research 

identifies new opportunities to further 

development of automated tasks for these 

systems and as consequence a higher degree of 

reliability of the operation of these systems. The 

simulation example highlights the performance 

of the method.  
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