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ABSTRACT 

 

 

Tremendous advances in high performance sensing and signal processing technology 

enable the development of condition monitoring systems (CMS) for complex engineered systems 

to detect, diagnose, and predict the system-wide effects of failure events. Although employing 

CMS in preventing catastrophic system failures and reducing the operation and maintenance 

(O&M) costs have been acknowledged, the cost and benefit of CMS have not been well studied 

and further the advantages of CMS have not been fully recognized for the optimal maintenance 

decision making, mainly due to the lack of valid theoretical modeling addressing the 

interrelationship between the CMS effectiveness and system downtime due to system failures. In 

this study, a Poisson Process model will be developed for the modeling of occurrence of the 

system-wide failure events and study the potential benefits provided by the CMS in preventing 

these failure events. With the developed Poisson process model, the cost benefit analysis (CBA) 

will then be implemented by considering the CMS system reliability and costs varying with its 

failure detection effectiveness presented by the probabilistic detectability measure. Facilitated by 

CBA of the CMS, break-even points (BEP) between expected lifecycle benefits and the required 

CMS detectability level can be found to select optimal CMS for different system failure modes. 

Moreover, with the help of the CBA results, optimal maintenance strategies can be determined to 

minimize the O&M costs. The presented CBA methodology for the CMS systems will be 

demonstrated with an aircraft maintenance case study and the efficacy will be validated. 
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CHAPTER 1 

INTRODUCTION 

1.1. Background 

 

Effective system condition monitoring, which monitors a parameter of condition in 

system components or subsystem so that a significant change is indicative of a developing 

failure, provides multifarious benefits such as improved safety, improved reliability and reduced 

costs for operation and maintenance of complex engineered systems [1-4]. Maintenance and life-

cycle management is one area that is positioned to significantly benefit in this regard due to the 

pervasive nature of design and maintenance activities throughout the manufacturing and service 

sectors. Maintenance and life-cycle management activities constitute a large portion of overhead 

costs in many industries [3]. These costs are likely to increase due to the rising competition in 

today’s global economy. In the manufacturing and service sectors, unexpected breakdowns can 

be prohibitively expensive since they immediately result in lost production, failed shipping 

schedules, and poor customer satisfaction. In order to reduce and possibly eliminate such 

problems, it is necessary to accurately assess the current state of system degradation through 

effective health diagnostics. Two major research areas have tried to address these challenges: 

reliability and condition monitoring. Although reliability and condition monitoring are seemingly 

related, reliability focuses on population-wide characteristics while condition monitoring deals 

with component-specific properties. Furthermore, both of fields’ researches have evolved 

separately. Research in the reliability area can be broadly classified into two subcategories. One 

category focuses on quantification of reliability and statistical analysis of run-to-failure data, 

such as [3-5]while the deals with the development of physical-based models (e.g., fatigue, wear, 
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and corrosion). In contrast, condition monitoring research uses sensory information from 

functioning system to access their degradation states. Continuous monitoring of current health 

states through multi sensors notifies the performance degradation of component at both early and 

advanced stages of damage. Real time diagnosis of sensory data acquired from the overall sensor 

network and data analysis helps to make crucial decisions on significant improvement over wide 

range of applications. Some of the successful applications of condition monitoring include 

condition monitoring of bearings [6, 7], machine tools [8], transformers [9], engines [10], and 

turbines [11] among many others. 

1.2. Research Scope and Objectives 

 

Despite the importance of the real time condition monitoring and various successful 

application of condition monitoring techniques, the design and implementation of effective 

condition monitoring system (CMS) to meet desired performance requirements could be very 

expensive and require ample knowledge for specific application fields and understanding of 

system failure modes as well as indicative failure phenomena. This thesis presents a novel cost 

benefit analysis approach for condition monitoring system, in which Non-Homogeneous Poisson 

Process (NHPP) model is developed for the modeling system-wide failure events and study the 

potential benefits provided by the CMS in preventing these failure events. With the developed 

NHPP model, the cost benefit analysis (CBA) will then be implemented by considering CMS 

costs varying with failure detection effectiveness presented by the probabilistic detectability 

measure. Facilitated by CBA of the CMS, break-even points (BEP) between expected useful life 

benefits and the required CMS detectability level can be found to select the optimal CMS for 

different system failure modes. Moreover, with the help of the CBA results, optimal maintenance 

strategies can be determined to minimize the O&M costs. The presented CBA methodology for 
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the CMS will be demonstrated with an aircraft maintenance case study and the efficacy will be 

validated. The remaining of the thesis is organized as follows: Section 2 explains the modeling of 

discrete system failure events over time with Poisson Process models; Section 3 derives the 

expected benefits of CMS for system maintenance; Section 4 details the proposed cost benefit 

analysis approach; Section 5 demonstrates the proposed approach with one case study. A brief 

summary of presented work and potential future studies is provided in Section 6. 
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CHAPTER 2 

LITERATURE REVIEW 

 This section gives a brief overview of the various journal papers, text books, conference 

papers, technical publications related to the project. The related work under this topic includes: 

(1) wind turbine condition monitoring technique; (2) Cost benefit analysis of condition 

monitoring system; (3) Life cycle cost analysis tools ; (4) Maintenance strategies (5) Condition 

maintenance benefits; (6) Major Challenges; (7) Technical needs for improvement. 

2.1. Wind Turbine Condition Monitoring Technique 

 

2.1.1    Vibration Analysis 

 Vibration analysis is the most common technique and provides the early fault detection in 

rotating components of the wind turbine condition monitoring and it can be used in different 

components such as the gearbox, generator and drive train. In this way, the vibration sensors will 

be installed on the components[12]. Therefore, it is quite expensive to adopt the vibration based 

monitoring system[13]. But the accuracy of vibration analysis for the health monitoring has been 

proven by different literatures. With the vibration analysis, the bearing defects, imbalance and 

misalignment can be identified.  

  Broad band method or spectral line analyses are the output signals analyzing methods. In 

the broad band analysis, the output signals can be utilized to calculate the necessary parameters 

such as root mean square, peak value, or kurtosis. Comparing the differences between the initial 

parameters and the current value of the parameters, the failure can be estimated and observed. 

The spectral lines analysis is based on the physical properties of the components since 

components show various frequencies of vibration signatures. 
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 Gearbox is one of the most important units in the wind turbine and the vibration analysis 

has been introduced for detecting the failure of the gearbox. Yang et al. developed a back 

propagation neural network (BPNN) base framework to identify the actual fault status of the 

gearbox[14]. Huang et al. implements the wavelet neural networks on vibration fault diagnosis 

for wind turbine gearbox in 2008[15].   By using this WNN method, the accuracy of the 

diagnostic is effective and shows better results than the BPNN method.  

2.1.2. Electrical Signature Analysis 

Electrical signature analysis is a process of acquiring the current and voltage signals and 

performing the analysis to identify different damage growth. Under this approach, electrical 

sensors are installed in generators of the wind turbine to analyze the current and voltage from the 

generators[16]. In this method, there is no need to stop the wind turbine and the operator can 

monitor the signal on the remote base. Also since this technology has been in the market for over 

20 years, it is well recognized by industries. The advantages of electrical signature analysis are 

easy access since the current output is already available, reducing the number of sensors by 

comparing with the vibration analysis and oil analysis, and cheaper cost since it uses the 

electrical measurements instead of the mechanical measurements[12]. There are several different 

signals processing method to perform the electrical analysis. Spectral methods and wavelet 

analysis are the most influence ones.  

2.1.3. Acoustic Analysis 

Acoustic analysis is quite close to vibration analysis. However, there is a basic difference 

between these two analysis methods. For the vibration analysis, the sensors are installed on the 

components and the local vibration can be detected by the sensors. For the acoustic analysis, the 

sensors which are attached on the components by strong glue are acquiring signals by listening to 
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the components[10]. Gearbox and bearing have been successfully diagnostic by using the 

acoustic analysis technique[17]. Another literature shows the wind turbine blades certification 

tests can be carried out by the acoustic analysis[18].The most important advantage of the 

acoustic analysis is, it can detect the faults in their early stage. Also the acoustic analysis is 

usually used for the low speed operation components.  

2.1.4. Oil analysis 

Oil analysis is usually carried out when the system is offline. Oil analysis on wind 

turbines is an effective tool to assess lubricant condition, contamination, and mechanical wear. 

Therefore, the oil analysis can give some valuable information about the health condition of 

rotating components. The disadvantage of the oil analysis is, it can only perform when the oil is 

in the closed loop of the supply system and quite expensive to operate when the system is online. 

According to the maintenance manual, the gearbox oil should be replaced every four year and 

this could be done at least five times during the wind turbine life time. But when applied the oil 

analysis, the oil change may only need to be changed every seven year[19]. This value 

information could help the wind farm save lots of money during the operation and maintenance 

activities. 

2.2. Cost Benefit Analysis of Condition Monitoring System  

 

In cost benefit analysis of condition monitoring system literature, the cost benefit of 

installing the condition monitoring system on the wind turbine has been widely simulated using 

either probabilistic methods or deterministic methods. In 2007, a stochastic simulation research 

was done by comparing the advantage and disadvantage between the schedule maintenance and 

the condition based maintenance[20]. The cost benefit has been further invested in this thesis and 

the potential value of adopting condition monitoring system is demonstrated in the case study. 
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The final results show the wind turbine gearbox will have a $40,000 saving with the help of 

condition monitoring system. With some uncertainties exist, the accuracy of the CMS is not well 

understood and the reliability of CMS itself has not been investigate. In 2010, the author 

Francois presents a stochastic simulation model to analyze the economics benefit of using 

condition monitoring systems under some deterministic input parameters of the wind turbine 

system.  The life cycle costs of different maintenance plans are shown in this thesis. The plan 

with CMS is performing much better than without CMS. The CMS system has potential 

economic benefits to the wind turbine failure prevention[21].   

2.3. Maintenance Strategies 

 

Maintenance activities are necessary for retaining or restoring a component or system to 

its operating condition and extend its working lifetime. The maintenance activities can be 

classified into two categories: reactive maintenance and proactivity maintenance. The reactive 

maintenance includes the corrective maintenance which performs the maintenance activities after 

the failure event happen. The corrective maintenance is always associated with the replacement 

activities, emergency or unplanned activities. Since reactive maintenance is not well planned, the 

proactivity will come to the place. The proactivity maintenance includes the scheduled 

maintenance and condition based maintenance. The scheduled maintenance is required to inspect 

the system every certain time period and replace the components when it reaches its replacement 

criteria in the same visiting time. The condition based maintenance includes the online 

monitoring and offline monitoring maintenance. Online monitoring maintenance is continuously 

monitoring the health condition of the system and performing the online health condition analyze. 

It is normally equipped with an online accessing device [22]. Wiggelinkhuizen et al. believe 

three requirements are associated with the condition monitoring technique. Requirements are the 
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detection of failure mechanism, detection on time, and measureable criteria [19].Offline 

monitoring maintenance is usually performed by holding a health detecting devices like infrared 

thermograph or done by the oil analysis, vibration analysis [23]. Each type of maintenance 

strategy has its own advantages and disadvantages. For the reactive maintenance, the advantage 

of it is maximize the life span of the components and the drawbacks of it are non-predictive 

failure happen, no spare parts on hand, or high chance to cause the consequential damages by the 

failure parts. For the active maintenance, the advantages are predicting failure in the early stage, 

lower downtime and production loss, or plan well on the inventory reserve. The limits of this 

maintenance are, it is expensive to have the CMS devices and how actuate the sensors can tell 

you. Also the components will not be used for their maximum lifetime[12]. 

2.4. Condition Monitoring Benefit 

 

System failures could happen within machinery regardless of even the most well planned 

scheduled maintenance with often-unnoticed faults leading to unexpected failures before 

performing the next regular maintenance. Condition monitoring equips the operators in control 

of the system health condition and allow them to detect the failure in the early stage, help 

operators avoid unscheduled breakdown and give enough time for operators to prepare the 

inventory. Condition monitoring measures the health state of the system by continuously 

monitoring and online embedded data analysis.  

Efficient and continuous production and has the proven potential to save thousands of 

dollar in additional damage such as production loss and failure maintenance. Condition 

Monitoring is a sound, proactivity maintenance strategy that provides early indication of 

preventative faults. In 2007, a life cycle cost analysis for one wind farm maintenance activities 

have been studied. Case studies show condition monitoring can reduce the unexpected break 
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down and increase the productivity during the wind farm operating time, especially for the 

offshore wind farm maintenance planning [20].  

2.5. Major Challenges 

 

Due to the nature of the failure, nobody can know exactly what failure will happen at any 

given time point. Scheduled maintenance in large scale system may miss many failures and this 

will increase large amount of capital costs to have the spare parts in hand, unscheduled labor cost, 

production loss, etc. How to make a good operation and maintenance plan becomes a key point 

in wind farm operation. Condition monitoring system may have a solution for this, but the 

question to ask when evaluating the CMS is whether the cost associated with the CMS can be 

validated through the usefulness of the CMS. 

2.6. Technical Needs for Improvement 

 

Most of the condition monitoring related literatures assume the detectability of the CMS 

is perfect and with no false alarm. A stochastic evaluation of the LCC simulation has been 

carried out by [21] and the author assumed the detection rate of CMS is 90%. But in reality, 

CMS will not detect all the failure events in the practical world. Therefore, building a model has 

the ability to investigate the real economic benefits of CMS becomes the top priority in this field 

study. Also the reliability of CMS and LCC of the CMS should be targeted at and this part of 

information must be taken into the consideration when making the operation and maintenance 

plan.  
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CHAPTER 3 

MODELING OF DESCRETE SYSTEM FAILURE EVENTS 

For engineered system, occurrence of discrete system failure events can be modeled by 

reliability in a statistical manner, in which reliability implies the ability of a system or 

component to perform its required functions under stated conditions for a specified period of 

time. Mathematically, this may be expressed as, 

     Pr
t

R t T t f x dx


                                                          (1) 

Where f(x) is the failure probability density function and t is the length of the period of time 

which is assumed to start from time zero. Considering the design life of a system, the failure rate 

is an important concept in modeling the discrete system failure events, which can be defined as 

the total number of failures within an item population, divided by the total time expended by that 

population, during a particular measurement interval under stated conditions. It is often denoted 

by the λ (t) and is important in reliability engineering. Mathematically, this may be expressed as, 

 
 

 

f t
t

R t
 

                                                                  (2) 

Failure rate of a system or component could be constant over time or time-variant, 

depending on different failure modes in consideration. Time variant failure rate indicates that 

failure frequency of a system depends on time, with the rate varying over the life cycle of the 

system. In the following of this session, the constant failure rate model and time-variant failure 

rate model will be explained and the Poisson process will be introduced in modeling the 

occurrence of discrete system failure events over time.  

 

3.1. Constant Failure Rate Model and the Homogeneous Poisson Process 

http://en.wikipedia.org/wiki/%CE%9B
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Starting from the simple failure mode which the failure distribution f(t) follows 

exponential distribution as 

  tf t e  
                                                          (3) 

For a constant failure rate model, failure events of a system or component will occur 

randomly over the life of the system. Then the probability of having total number of n failures 

within time t, Pn (t), can be expressed by the homogeneous Poisson processes, as: 

 
 

 
!

nt

n

e t
P t

n

 


                                                        (4) 

3.2. Time-variant Failure Rate Model and Non-Homogeneous Poisson Process 

 

The failure rate of a system usually depends on time, with the rate varying over the life of 

the system. For example, an automobile's failure rate in its fifth year of service may be many 

times greater than its failure rate during its first year of service. One does not expect to replace 

an exhaust pipe, overhaul the brakes, or have major transmission problems in a new vehicle. For 

the simplicity of explanation, we assume that the failure distribution for a time dependent failure 

mode follows the Weibull distribution. Weibull distribution is a commonly used reliability 

distribution to model the time to failure of the components or the systems. If the failure 

distribution follows a Weibull distribution, with the scale parameter and shape parameter are θ 

and β separately, the failure rate () of the Weibull distribution can be expressed as: 

 
1

 
t

t





 



 
  

                                                                (5) 

With this failure rate function, the probability of having n number of failures during the 

design life L of a system follows a Non-Homogenous Poisson Process and can be evaluated as: 
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 

 0
( )

0
( )

 
!

L nLt dt

n

e t dt

P t
n









                                                    (6) 
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CHAPTER 4 

COST BENEFIT ANALYSIS OF CMS FOR MAINTENANCE 

In this section, the cost benefit analyses of employing a CMS system for system failure 

modes that are characterized by either a constant failure rate model or a time-variant failure rate 

model are presented. In the following discussion, we assume that a CMS system with a cost of 

CCMS has the capability to detect the failure mode before the occurrence of the actual failure 

event at a certain probability level, which can be expressed by a detectability measure as noted 

by the Dt that falls within the range between 0 and 1. Also, it is assumed that once a potential 

failure event is detected, appropriate maintenance activities would return the system to as good 

as new condition at a maintenance cost of Cm.  If the failure event occurred, the failure cost of a 

system for the considered failure mode will be Cf, where Cf >> Cm. The failure cost could 

include the component cost, logistic cost, labor cost and other collateral or consequential damage 

cost due to the failure.  With the notations introduced above, the cost benefit analysis to be 

carried out in the remaining of this section aims to find out the expected cost savings, Cs, for 

maintenance within the design life of a system while adopting a CMS system.  

4.1. Constant Failure Rate Model 

 

For a failure mode that follows constant failure rate model, the number of failures that 

could occur during the design life of a system follows a homogeneous Poisson process, as 

discussed in section 3.1. Assuming that there will be totally n number of discrete failure events 

occurred, by employing a CMS system with a detectability level of Dt at a cost of CCMS, the 

benefits in terms of maintenance cost saving can be expressed as  

 
   

 
2 1 2

2 1

1

  
S t t CMS

t CMS

C n n C n D C n D C C

n D C C C

         

   
 (7)       
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As the total number of discrete failure events, n, over the design life of a system is a 

random variable as described by Eq.(4), it is impossible for the decision maker to know exactly 

how many failure events would occur. It is more convenient to to carry out the expected cost 

savings while considering the probability of different number of failure events by taking the 

following expected benefit in terms of the cost saving function, which can be expressed as  

    
 

  2 1

1

 
!

nt

S t CMS

n

e t
E C n D C C C

n

 



         (8) 

Moreover, while considering the cost and the detectability metric of a CMS system, we 

are able to determine the break event point (BEP) of the CMS system cost,
ˆ

CMSC  by setting the 

cost saving equals to zero in Eq.(7), as 

     2 1
ˆ  CMS tC n D C C         (9) 

With the BEP of the CMS system cost, the decision could be made to adopt a CMS 

system for a certain system failure mode will save lifecycle maintenance costs at the system 

operational stage. 

The following example will demonstrate the cost benefit analysis with constant failure 

rate models. As you can see from the table below, the design life (L) and failure rate of this 

example system is 20 years and 0.333 times per year, respectively. The regular maintenance cost 

Cm is $5,000 and the failure cost Cf is $20,000. The cost for the CMS system, CCMS, is $15,000.  

With the given parameter values in Table 1, the cost benefit analysis is carried out and the results 

are shown in Fig. (1) and Fig. (2). As shown in Fig. (1), the range of total number of failure 

events over the design life L varies from 1 to 15, with high on probabilities between 5 and 10. 

Figure. (2) represents the expected benefits with respect to the detectability level of the CMS 

system given system cost CCMS. The figure indicates that CMS system detectability level must be 
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no less than 15% in order to result in a maintenance cost savings that are greater than the cost of 

CMS system itself.   

 

Table 1. Parameters of CBA for CMS with a Constant Failure Rate Model  

  Cm Cf CCMS L 

0.333/year 5,000 20,000 15,000 20 years  

 

  

Figure 1. Distribution of Number of Failures n over lifetime L. 

 

 

Figure 2.CBA for CMS Results 
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4.2.  Time-Variant Failure Rate Model 

 

For a failure mode that follows time-variant failure rate model, the number of failures 

that could occur during the design life of a system follows a non-homogeneous Poisson process, 

as discussed in the previous section. Assuming that the failure distribution follows two parameter 

Weibull distribution and there are n number of descrete failure events occurred, by employing a 

CMS system with a detectability level of Dt at a cost of CCMS, the benefits in terms of 

maintenance cost saving can be expressed as   

   
   

 
2 1 2

2 1

1S t t CMS

t CMS

C n n C n D C n D C C

n D C C C

         

   
   (10)  

As the total number of descrete failure events, n, over the design life of a system is a random 

variable according to Eq.(6), it is convenient to carry out the expected cost savings while 

considering the probability of different number of failure events, which can be expressed as  

   
 

  
0

( )

0

2 1

1

( )

!

L n
Lt dt

S t CMS

n

e t dt

E C n D C C C
n












    


    (11) 

The following example will demonstrate the cost benefit analysis with time-variant failure 

rate models. As discussed in the previous section, total number of failure events of the system 

follows a NHPP with Weibull distribution shape and scale parameter β and θ are 0.5 and 3, 

respectively. The design life (L) is kept as 20 years. The regular maintenance cost Cm is $5,000 

and the failure cost Cf is $20,000. The cost for the CMS system, CCMS, is $15,000.  With the 

parameter values indicated in Table 2, the cost benefit analysis is carried out and the results are 

shown in Fig. (3) and Fig. (4). As shown in Fig. (3), the range of total number of failure events 

over the design life L varies from 0 to 14, with high probabilities within the range between 0 and 

5. Figure. (4) represents the expected maintenance cost savings with respect to the detectability 

level of the CMS system given that the system cost CCMS,  which indicates that CMS system 

detectability level must be no less than 37% in order to result in a maintenance cost saving  that 

is greater than the cost of CMS system itself.   
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Table 2. . Parameters of CBA for CMS with a Time-Variant Failure Rate Model 


 

  Cm Cf CCMS L 

0.5 3 5,000 20,000 15,000 20 

 

 

         

 Figure 3. Distribution of Number of Failures        

  

 

Figure 4. CBA for CMS Results 
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4.3. Multiple Failure Modes with Multiple CMS Systems  

 

In this subsection, our objective is to investigate the cost benefit analysis problem that 

involves multiple failure modes with different failure rate functions and multiple condition 

monitoring systems. Let k be the total number of condition monitoring systems being employed, 

n be the total number of failure modes being considered and j(t)  be the failure rate function for 

the i
th

 failure mode, where j = 1, …, n. The detectability of the i
th

 CMS (i = 1… k) to the j
th

 

failure mode is denoted with Dij , as shown in the Fig. (5) by the multiple CMS multiple failure 

modes correspondence diagram.  Assuming the independency between different failure modes 

and the CMS systems, the detectability for the j
th

 failure mode, Dj, considering all the CMS 

systems can be obtained as: 

    

  
1

1 1
k

j ij

i

D D


    (12) 

 

 

Figure 5. Multiple CMS Multiple Failure Mode Correspondence 
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Based on the previous discussion, there are nj number of discrete failure events occurred 

for the j
th

 failure mode, employing multiple CMS systems with an overall detectability level of 

Dj, the benefits in terms of maintenance cost saving without considering the cost for the CMS 

systems can be expressed as   

        2 2 2 2 11j j j j j j

S j j j j j j jC n n C n D C n D C n D C C              (13)  

As the total number of discrete failure events, nj, over the design life of a system is a 

random variable as described by Eq.(6), it is convenient to carry out the expected cost savings 

while considering the probability of different number of failure events, which can be expressed 

as  
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Now considering all the failure modes and the costs for all CMS systems, the expected 

system cost saving can be expressed as: 
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 (15) 

 

Note that when multiple CMS systems and multiple failure modes are involved, the 

aforementioned breakeven point becomes a multidimensional break even surface (BES), which 

can hardly be obtained as there are multiple detectability variables involved. For the 
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demonstration purpose, the following mathematical example with one CMS and two failure 

modes is used to show the cost benefit analysis discussed above, where the BES between the 

expected cost saving and two detectability levels are constructed. Assume two failure modes 

with failure rates equal to 0.333 and 0.5 respectively. The maintenance costs for these two failure 

modes are $5,000 and $8,000 respectively, whereas the failure costs are $20,000 and $25000. 

The costs for installing a CMS is considered as same with the examples discussed in the previous 

subsections, which is $15,000. Table 3 details the parameter value used in this mathematical 

example. Figure. (6) represents the expected maintenance cost savings with respect to the 

detectability levels of the CMS for two different failure modes.  

 

Table 3: Model C Parameters 

  Cm Cf CCMS L 

0.333 5,000 20,000 15,000 20 

0.5 8,000 25,000 15,000 20 

 

 

 

Figure 6. CBA for CMS Results with Two Failure Modes 



21 
 

4.4. Multiple Failure Modes Considering CMS System Failures  

 

In the previous discussion, the failure of the CMS system has not been considered. The 

failure rate of a CMS system usually also depends on time, with the rate varying over the life 

cycle of the CMS system. Based on the discussion in Sections II.A and II.B, assuming that the i
th

 

CMS system has a failure rate function CMS
i(t)

, with this failure rate function, the probability of 

having ni number of CMS system failures for the i
th

 CMS system during the design life L of a 

system follows a Non-Homogenous Poisson Process and can be evaluated as: 
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As the total number of discrete failure events, ni, for the i
th

 CMS system over the design 

life of a system is a random variable according to Eq.(6), it is convenient to carry out the 

expected total CMS systems cost considering failures for all CMS systems, which can be 

expressed as  
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With the total number of CMS system costs being a random variable as shown in Eq. 

(17), the total expected system maintenance cost savings based on Eq. (15) can be revised as 
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CHAPTER 5 

COST BENEFIT ANALYSIS CASE STUDY 

In this section, the developed cost benefit analysis approach will be demonstrated with a 

three failure modes two condition monitoring systems case study, in which the failures of the 

condition monitoring systems are also considered. The model parameters, including the failure 

distributions and the associated costs, for the failure modes and the condition monitoring systems 

are shown in Table 4. The detectabilities for the two CMS towards the three failure modes are 

considered from zero to one in order to explore the potential cost savings.  

Following the discussion in the Section III, the numbers of failure distributions for the 

three failure modes are shown in Fig. (7). Due to the consideration of the failures of the CMS 

and the interactions between the overall detectabilities of the failures modes with the 

contributions from each individual CMS, the cost saving in this study will first consider the cost 

saving due to reduced number of failures only. As shown in Fig. (8), the expected cost savings 

for each failure modes are functions of the detectability values for the two condition monitoring 

systems. Thus, the overall cost saving by introducing the CMS depends on all the detectability 

values for different failure modes by different CMS.   In order to show the contour of the break 

even surface, the detectability values for the second and the third failure modes are all fixed to 

0.01 while only varying the detectability values for the first failure mode by the two CMS 

systems from 0 to 1. By doing so, the contour of the expected cost savings of the overall system 

with respect detectability values of the first failure mode by the two CMS systems can be seen 

from the Fig. (9).    



23 
 

With the information of the cost benefit analysis with multiple failure modes and multiple 

condition monitoring systems, the employment of condition monitoring systems can be 

optimized so that the overall system maintenance cost savings can be maximized.       

 

Table 4: Model Parameters for the Case Study 

Components 
Failure Distribution   Cost  

Type Parameters 
 

C1 C2 

Mode 1 Weibbull = 0.5  = 3 

 

2,000 20,000 

Mode 2 Exponential  = 0.25 

 

1,000 8,000 

Mode 3 Weibbull = 0.25  = 2.2 

 

4,000 50,000 

CMS 1 Exponential  = 0.1 

 

15,000 

CMS 2 Exponential  = 0.15 

 

26,000 

 

 

 

Figure 7. Failures Distributions for Failure Modes and CMS systems 
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Figure 8. Expected Cost Savings with respect to Detectability Levels from CMS 

Systems 

 

 

Figure 9. Contour of the Overall Cost Saving with respect to D11 and D21 
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CHAPTER 6 

CONCLUSION 

This thesis presented a Poisson Process model for the modeling of occurrence of the 

system-wide failure events and study the potential benefits provided by the CMS in preventing 

these failure events. With the developed Poisson process model, the cost benefit analysis (CBA) 

can be implemented by considering the CMS system reliability and costs varying with its failure 

detection effectiveness presented by the probabilistic detectability measure. Facilitated by CBA 

of the CMS, break-even points (BEP) or the break-even surface (BES) between expected 

lifecycle benefits and the required CMS detectability levels can be found to select optimal CMS 

for different system failure modes. Moreover, with the help of the CBA results, optimal 

maintenance strategies can be determined to minimize the O&M costs. The presented CBA 

methodology for the CMS systems was demonstrated with a maintenance case study and the 

efficacy was validated. 
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