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Abstract - Combustion Turbines are critical systems that consists of complex, expensive and precise elements operating at 

high pressure and temperature. Failure or degradation of performance influences production capabilities and can put people's 

safety at risk. Therefore, a health management system is needed to detect and locate the failure in real time. In this paper, we 

focus on the Health Management of the Combustion Turbines. The task of this Health Management is to monitor the status 

of the system components based on observations from sensors and appearance contexts, and it is designed by means of 

Bayesian Networks arising from the Failure Analysis. 
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I. INTRODUCTION 

 

Combustion Turbines are thermodynamic rotating 

machines whose role is to produce either mechanical 

energy or kinetic energy. Today, the Combustion 

Turbine has two main areas of application: the field 

of motorization and the field of electricity production 

[1]. Facilities and equipment of Combustion Turbines 

tend to deteriorate over time due to multiple causes 

such as: wing wear caused by poor air filtration, 

temperature rise at large thresholds, the phenomenon 

of vibration, etc. [2]. These deteriorations can cause 

the permanent or momentary shutdown of the system, 

which can affect the production capacities and the 

safety. In order to reduce the time of the sudden 

shutdown of the Combustion Turbines and thus 

increase their reliability and production, it is 

necessary to continuously evaluate the health of the 

Combustion Turbine and be able to detect and locate 

the failures. The evaluation of the Health system is 

provided by related diagnosis methods. These 

methods are designed to detect and locate failures, 

through observations on the system and a model 

representing the causal relationships between its 

components. In the literature, we can found a large 

number of Combustion Turbine diagnostics 

researches based on component performance. We can 

find for example, in [3] an approach of fault 

diagnostic that can detect both component faults and 

sensor faults was developed. Also, in [4], the authors 

propose a diagnostic algorithm that can detect 

multiple component faults in the presence of noisy 

data. However, existing research need to be improved 

[5].In this paper, we take into account not only the 

components and the sensors but also the environment 

and the appearance contexts based on the Failure 

Mode and Effects Analysis (FMEA)[6].Fault 

Detection Isolation and Recovery (FDIR) [7] 

techniques become essential in the design of Health 

systems. Classical FDIR methods relying on Fault 

Tree Analysis are no longer sufficient to deal with 

unexpected events (internal or external like hardware 

component failure or unexpected temperature), nor to 

deal with a partial knowledge of the system. 

Advanced FDIR techniques rely on modern concepts 

such as Neural Networks, Fuzzy Logic, Cognitive 

Automation and Bayesian Networks. Bayesians 

Networks [8] are widely used in various domains and 

are particularly interesting to model the Health 

Management of a system by elaborating its diagnosis 

model on the basis of the knowledge extracted from 

sensors. Bayesian Networks coupled with influence 

diagrams can also help in taking decisions for 

recovery policies. If such policies are dynamic, 

Bayesian Networks can contribute to the elaboration 

of prognostics. To illustrate the capabilities of this 

model, two major references are briefly outlined 

below. In [9], the rt-R2U2 system management takes 

advantage of the temporal logic and the Bayesian 

Network model to express the temporal and causal 

constraints of the mission. The Health Management is 

described by Bayesian Networks to express the fault 

expertise of the system. In [10-11], an extended 

dynamic Bayesian Network model with influence 

diagrams is used for a complete FDIR technique, 

including recovery policies. Dynamic Bayesian 

Networks are helpful for the definition of failure 

scenarios. The decision of replanning a mission is 

taken by evaluating a prognostic scenario in order to 

choose the most appropriate solution. Bayesian 

Networks are widely used to implement complex 

diagnosis invarious kinds of systems [12-13]. 

However, it is difficult to construct a rational model 

for real and complex applications. Thus, the aim this 

paper is to present a new generic Bayesian model for 

Health Managements using FMEA and applied to the 

Combustion Turbines. The paper is organized as 

follows. In the second section, we introduce the 

Bayesian Network and corresponding computation 

algorithms. In the third section, we expose our 

Bayesian Network model for the Health Management 

using the FMEA. In the fourth section, we apply the 
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approach to the Combustion Turbines with some 

experimentations and results. In the last section, we 

expose our conclusion and our future work prospects. 

 

II. BAYESIAN NETWORKS 

 

2.1. Definition 

Bayesian Networks are probabilistic graphical models 

used to understand and control the behavior of 

systems. The nodes of such a network represent 

random variables, the conditional probabilities of 

which are given by probability tables (CPTs). The 

arcs of the network indicate the conditional 

dependencies. A simple example of a Bayesian 

Network (Fig. 1) as given by a query can be 

described as follows: we have a node GPS State (G) 

representing the state of a GPS in a UAV, a sensor 

node Atmosphere (A) representing whether problems 

on atmosphere are observed or not, and a sensor node 

Signal Satellite (S) representing the number of 

satellites that can communicate with the GPS. Then, 

the state of the GPS depends on the information given 

by the atmosphere (i.e., the GPS gives wrong 

information if there is ionospheric scintillation, solar 

eruptions, etc.) and it also depends on the number of 

satellites (i.e., the GPS must at least be able to receive 

signals from 4 satellites to be able to determine the 

proximate position). In a Bayesian Network, these 

causal dependencies are illustrated by the directed 

edges and the prior probability of the node G as well 

as the conditional probability tables of S and A.  

 

 
Fig.1. A simple example of a Bayesian network 

 

To obtain the state of the GPS, we deduce the states 

of the Bayesian Network using an inference 

mechanism based on the observation of the node S or 

A, and compute the posterior probabilities (or belief) 

over G using Bayes’ theorem (Equation 1).  

P A B P B = P A ∩ B = P B A P A             (1) 

 

We use Bayes’ theorem for our example as follows:  

P G = w S ≥ 4) =  
P G = w S ≥ 4 P G = w 

P S ≥ 4 

=  
0.9 ∗ 0.01

0.05 ∗ 0.99 + 0.9 ∗ 0.01
      (2)

= 0.153  

So, we can conclude with this model that the 

possibility of the GPS to give a wrong value is quite 

low, i.e., equal to 0.153 if 4 satellites are visible. 

 

2.2. Inference  

Bayesian Network inference algorithms are used to 

answer these queries of computing the posterior 

probability. Different ways exist, including join tree 

propagation [14-15], conditioning [16], variable 

elimination [17-18], stochastic local search [19],and 

arithmetic circuit evaluation [20]. In the following, 

weexplain the join the arithmetic circuit 

(AC)compilation used in our study. 

Algorithms basedon ACs are powerful and can 

provide predictable real-time performances [21]. For 

each Bayesian Network, a unique multilinear function 

(MLF) is defined, over two types of variables: 

 

 
 

The function f represents the different marginal 

probabilities.It is factored and represented as a tree 

(Fig.2). The leaves of the arithmetic circuit are λ, θ  , 
and the inner nodes of the tree represent a 

multiplication (∗) or addition (+), alternatively. 

There are different ways to compile an MLF into an 

AC [22-23]. 

 

 
Fig.2.a) A Bayesian Network with a factored function.  

b) The corresponding arithmetic circuit. 

 

To compute P(x|e), we first need to evaluate f(e) and 

thento compute the circuit derivatives to get f x, e =
∂f

∂λx
. 

 Evaluating an arithmetic circuit: in an upward-

pass, thevalue of a node in the AC tree is 

obtained after thecomputation of the values of its 

children. 

 Computing the circuit derivatives: in a 

downward-pass,the derivative of a node is 

obtained after the computationof the derivative 

of its parent. 
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Let v be an arbitrary node in a circuit f. Assume that 

we are interested in the partial derivative of f with 

respecttonode v, i.e., 
∂f

∂v 
 . If v is the root node (circuit 

output), then
∂f

∂λv
= 1. If v is not the root node and has 

parents p, then by the chain rule of differential 

calculus: 

 
∂f

∂v 
=  

∂f

∂p 
p

∂p

∂v 
 

 

Suppose now that v′ is another child of a parent p. If 

pis a multiplication node, Equation (4) applies and if 

p isan addition node, Equation (5). 

 
∂p

∂v 
=  

∂v( v′v ′ )

∂v 
=  v′

v ′

      (4) 

 

 
∂p

∂v 
=  

∂v + ( v′v ′ )

∂v 
= 1            (5) 

 

With these equations, we can recursively compute the 

partial derivatives of f with respect to any node v. 

 

III. PROPOSED BAYESIAN NETWORK 

MODEL FOR HEALTH MANAGEMENT 

 

3.1. Bayesian Network specifications from FMEA 

The Failure Mode and Effects Analysis (FMEA) is a 

method to identify failure modes of a product or a 

process. It identifies forthe set of pairs {component, 

function} the degradation modes of the considered 

function, the degradation causes and their impact on 

the system [6].  

Table 1 summarizes the results of this analysis, where 

each U_Ei represents an error type, defining source of 

failure. This error can be monitored by the 

appearance contexts A_Ei and/or sensors S_Ei that can 

be hardware or software. The appearance contexts 

represent the causes that reinforce the belief of error 

presence.  

The sensors can themselves be faulty; information 

can also be reinforced by the appearance contexts 

A_H_Ei of the Health status of the sensorsS_Ei. In 

addition to error types, we need an internal monitor of 

the global system S_U. The information given by the 

monitor can be reinforced by the appearance contexts 

A_H of the Health status of the monitor H_S. 

 

Error 

type  

Monitoring Appearance 

contexts 

(Error  type) 

Appearance 

contexts 

(Monitoring)  

U_Ei S_Ei A_Ei A_H_Ei 
Table 1: FMEA table for an error type Health Management. 

 

This table can be translated into a Bayesian Network 

form respecting the D-separation principle [24] for 

the information circulation. The resulting Bayesian 

Network is shown in Fig. 3 and the different types of 

nodes are as follows: 

 Node H: reflects the Health status of the system 

𝐻_𝑈, of the monitor 𝐻_𝑆, or of the error monitor 

𝐻_𝐸. 

 Node S: indicates treatment measurements by 

physical or software sensors of the system 𝑆_𝑈 or 

of errors 𝑆_𝐸.  

 Node U: reflects the unobservable status of the 

system 𝑈 or of the error 𝑈_𝐸. 

 Node A: indicates the appearance context of the 

error 𝐴_𝐸, of the Health of monitor 𝐴_𝐻, or the 

Health of the error monitor 𝐴_𝐻_𝐸. 

 

 
Fig.3.Generic Bayesian Network model for Health 

Management from FMEA. 

 

The probability tables of this Bayesian Networks can 

be automatically generated as follows:  

 For the 𝑈_𝐸 nodes, the 𝑈 node and the 𝑆  nodes: 

the values are fixed to 0, 1 and 0.5 related to the 

impact of their parent nodes on this node.  

 For the 𝐻 nodes: the probabilities represent the a 

priori values for a healthy state and can be set to 

0.5.  

 

Only for the A nodes, the probabilities represent the 

influence of the appearance context A on the accuracy 

of the related sensor. These values can be defined by 

expertise, or by simulation applying some learning 

algorithm (Expectation Maximization algorithm, for 

instance).  

The Bayesian Networks generated can be static or 

dynamic. For the dynamic case, we generate two 

static Bayesian Networks from the FMEA table and 

connect the status node of the first one with all the 

observable nodes of the second one, to respect the D-

separation for the information circulation. 

3.2. Input and output of the model 

The inputs of the model are the network parameters 

(probability tables) and the information from sensors 



International Journal of Mechanical and Production Engineering, ISSN(p): 2320-2092, ISSN(e): 2321-2071 

Volume- 7, Issue-11, Nov.-2019, http://iraj.in 

A Bayesian Network Model for Health Management Applied to Combustion Turbines 

 

19 

(observations), which will be translated into evidence 

indicators (values 0or 1). The appearance context 

nodes can also be observed to reinforce the belief of 

the error or the Health of the sensor.  

The output of the model is the posterior probability of 

the system Health knowing the evidences 

P(H_U|evidence) and it is computed using Bayesian 

Network inference. Next, we give an example with 

some Combustion Turbine components. 

 

IV. APPLICATION TO COMBUSTION 

TURBINES 

 

In this section, we present some possible failures in 

the case of Combustion Turbines, as well as different 

error types, sensors for monitoring and appearance 

contexts. This will allow us to build the FMEA table 

and consequently the corresponding Bayesian 

Network. Then, we give a complete example of the 

FMEA table of a component and its Bayesian 

Networks. Finally, we expose some experimentations 

and results. 

 

4.1. Failure of Combustion Turbines 

We consider the different failures: 

 Unbalance: is a failure that occurs in the 

presence of imbalance of the shaft of a rotating 

machine. This phenomenon is caused by a poor 

spatial distribution of the masses in the structure, 

causing a shift in the center of gravity outside the 

rotor geometry of the rotating machine. 

 Misalignment:concerns either two shafts 

connected by a coupling, or two bearings 

supporting the same axis. The axes of the two 

rotors may have an angular misalignment at the 

coupling or a radial misalignment (lack of 

concentricity) or the combination of the two. 

 Bearing defects:bearing can be damaged by 

external causes such as:contamination of the 

bearing by external particles: dust or grains of 

sand, corrosion caused by the penetration of 

water or acids, inadequate lubrication that can 

cause heating and wear of the bearing, 

misaligned rotor, or current flowing through the 

bearing and causing arcing. 

 Belt failure: belt transmission can be target of a 

multitude of failures such as: localized damage 

(partially broken away, failure to join), too slack 

belts or misalignment of the pulleys or an 

eccentric pulley. 

 Gears defects: several types of defects can affect 

the gear teeth as: wear, pitting, cracking, flaking, 

or galling. 

 Cavitation:this phenomenon induces random 

vibrations that must be recognized to eliminate 

them by modifying the suction characteristics of 

the pump. Cavitation is also recognized by a 

characteristic noise, and can comes from the 

collision of bubbles. 

 

4.2. Bayesian Network modelof bearing defects 

The Bayesian Network for bearing defects is given in 

Fig. 4. We obtain the Bayesian Network from the 

FMEA of the bearing defects (Table 2) using the 

proposed model. The bearing defects is mainly 

evaluated by 3 error types (Fouling, Friction and 

Displacement), which themselves are monitored by 

software or hardware sensors (dust sensor for 

Fouling, thermal camera for Friction, and vibration 

sensor for Displacement) as well as their appearance 

contexts (environment for Fouling, time use for 

Friction, and corrosion or rotor misaligned for 

Displacement). The sensors themselves can be faulty 

and their Health are reinforced by the appearance 

contexts (wind for dust sensor, external temperature 

for thermal camera, and speed for vibration sensor). 

Error 

type  

Monitor

ing 

Appearance 

contexts (Error  

type) 

Appearance 

contexts 

(Monitoring)  

Fouling Dust 

sensor 

Environment Wind 

Friction Thermal 

camera 

Time use External 

temperature  

Displa-

cement 

Vibratio

-n 

sensor 

Corrosion, 

rotor  

misaligned 

Speed 

Table 2: FMEA table for bearing defects. 

 

 

𝑉𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛 𝑆𝑒𝑛𝑠𝑜𝑟 

𝐻_𝑉𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛 

𝐶𝑜𝑟𝑟𝑜𝑠𝑖𝑜𝑛 𝑅𝑜𝑡𝑜𝑟  𝑚𝑖𝑠𝑎𝑙𝑖𝑔𝑛𝑒𝑑 



International Journal of Mechanical and Production Engineering, ISSN(p): 2320-2092, ISSN(e): 2321-2071 

Volume- 7, Issue-11, Nov.-2019, http://iraj.in 

A Bayesian Network Model for Health Management Applied to Combustion Turbines 

 

20 

4.3 Results and experimentations 

The observations can be only on sensors or on 

sensors and appearance contexts. The experiments 

carried out are presented in Table 3 and can be 

explained as follows: 

 Nominal case:the results in the case of a nominal 

case (no failure) show that when all sensors give 

that they are in a good state, the probability that 

the health of the system is good is 0.843 and 

increase to 0.926 when we add the observation 

on the appearance contexts. This experimentation 

validate the model by giving a good health 

probability and showsthe interest of the context 

appearance nodes which reinforce the belief of 

error types and the Health of sensors. 

 Failure cases: the results in the case of a Fouling, 

Friction or Displacement failure case show that 

the probability that the health of the system is 

good decrease to 0.337 in the case of 

observations only on sensors, and decrease to 

0.197for Fouling or Friction failure case and to 

0.222 for Displacement failure in the case of 

observations on sensors and appearance contexts. 

Theseexperimentsvalidate the model by giving a 

bad health probability and confirm the interest of 

the context appearance nodes. 

 

 P(H|S) P(H|S,A) 

Nominal case   0.843 0.926 

Failure case Fouling 0.337 0.197 

Friction 0.337 0.197 

Displacement 0.337 0.222 
Table 3: Results of different cases. 

 

Fig.5 illustrates the monitoring of the bearing in a 

nominal case followed by a Fouling failure. 

From time t = 0 until time t = 3, there is no problem 

in the Bearing. Having observations on the sensors 

and the appearance contexts,   the probability that the 

Bearing health is good is 0.926, and the probabilities 

of having a failure in Bearing, Fouling, Friction and 

Displacement are low.  

At time t = 3, a problem in the Fouling is observed. 

The probability that the Bearing health is good  

decreases to 0.197, the probability of having a 

Bearing failure increase to 0.803, the probability of 

having Fouling failure  increase to 0.879, and the 

probabilities of having a failure in Friction and 

Displacement stay low. 

 

 
Fig.5. Results of the Bearing monitoring. 

 

V. CONCLUSION 

 

In this paper, we have presented a specification of a 

new Health Management model by means of 

Bayesian Networks applied to Combustion Turbines. 

This model is based on the Failure Mode and Effects 

Analysis (FMEA). It can provide the safety 

requirements concerning the belief of sensors, which 

is necessary for real-life self-adaptive systems and 

especially for those designed as critical and complex 

systems like Combustion Turbines. We have 

experimented our model on bearing defects. The goal 

was to show the capacity of the Bayesian Networks to 

manage the health of systems and the importance of 

the appearance contexts and the use of FMEA. In 

future work, we will enrich our model including 

Internet of Things (IoT) sensors and test for real case 

study. 
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