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Abstract: In condition based maintenance (CBM) using proportional hazards model 
(PHM), fitting PHM is a very important step because it has a great influence on the 
effectiveness of the optimal maintenance policy. Previously actual condition 
monitoring measurements are directly used to fit the PHM. However this may 
introduce external noise and the optimal maintenance policy obtained based on this 
model may not be really optimal. To resolve this problem, a data processing method, 
which is fitting the actual measurements using the Generalized Weibull-FR function, 
is proposed to remove the external noise and fit the data before using it as input to the 
PHM. Two case studies using real-world vibration monitoring data are used to 
demonstrate the proposed approach. The proposed approach is validated to be 
effective and will save the total average maintenance cost by increasing the average 
replacement interval and making better use of remaining useful life.  

Keywords: Condition based maintenance, proportional hazards model, generalized 

Weibull-FR function 

1. Introduction 

     Condition based maintenance (CBM) is an advanced maintenance strategy which 

decides maintenance actions using the information collected via condition monitoring. 

The health conditions of a component or equipment can be monitored and predicted, and 

optimal maintenance actions can be scheduled to prevent component or equipment 

breakdown and minimize total maintenance costs [1].  Proportional hazards model (PHM) 

has been widely applied in many industries, such as mining industry, automobile industry, 

power generation industry, semiconductor industry, papermaking industry, petroleum 

industry and many other industries. These applications can be classified into two main 

categories: maintenance optimization and reliability analysis [2]. A key reason that PHM 

is more effective than previous approaches is that it considers not only age data but also 

condition monitoring data which influence the health of the component or equipment. 

     The CBM optimization methods using PHM have been developed and the main 

objective is to determine an optimal replacement policy to minimize long-run replacement 

cost [3, 4]. In these methods, the maintenance cost is calculated based on PHM and a risk 

threshold control limit policy. PHM based CBM methods can significantly decrease 

maintenance cost by reducing the number of unnecessary scheduled preventive 

maintenance operations [1]. In CBM using PHM, fitting the PHM is a vital step and the 

effectiveness of the optimal maintenance policy greatly depends on the accuracy of 

parameter estimation.  
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Usually actual condition monitoring measurement values are directly used as the inputs 

to the PHM model. However the actual measurements are often affected by external noise 

when they are collected as inspection points in the field. The example in Figure 1 shows 

an actual measurement series of a bearing failure history, which was collected from a 

pump in a Kraft mill. This history contains 23 inspection points and the bearing failed at 

the age of 591 days. In this figure, we can see the actual measurement values do not show 

a monotonic increasing trend.  There are still a lot of fluctuations at various inspection 

points although its general trend is increasing. But as we all know, the deterioration of the 

health condition of a component or equipment is generally a monotonic process. 

Therefore, directly using the actual measurement values without any processing as input 

into the PHM model may introduce external noise into the model; thus the model built 

based on the actual measurement values may not represent the health condition of the 

component or equipment very accurately and the optimal maintenance policy obtained 

based on the PHM model may not be really optimal [5]. To resolve this problem, we 

propose an approach to remove the external noise and fit the data before feeding it into the 

PHM model. Compared to the actual measurement, the fitted measurements can better 

represent the deterioration of the component or equipment.   
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Figure 1: An Actual Inspection Measurements for a Sample Failure History (P1H_Par5) 

      The remainder of this paper is organized as follows. Section 2 provides a synopsis of 
proportional hazards model. The proposed approach of fitting function is presented in 
Section 3, and two case studies are used in Section 4 to demonstrate the proposed 
approach. The conclusions are given in Section 5.    

2. Synopsis of Proportional Hazards Model 

2.1. PHM Basic Model 

     In CBM optimization process using PHM, the Weibull distribution function PHM is 

used to model the data. The PHM function combines the baseline hazard function and the 

covariates which affects the failure time. The age of the equipment is the main variable 
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while the condition monitoring measurements can be considered as a series of covariates. 

The basic model of PHM is described as follows [1]:  







∑=

=

−
m

i
ii tzttZth

1

1 )(exp)/(/))(,( γηηβ β                             (1) 

        In this model, ))(,( tZth is the conditional probability of failure at time t , given the 

values of )(,),(),( 21 tztztz m� . The first part of this model is a baseline hazard 

function 1)/(/ −βηηβ t , which takes into account the age of the equipment at time of 

inspection, given the values of parameters β and η . The second 

part )()()(exp( 2211 tztztz mmγγγ +++ � takes into account the covariates which may be 

considered as the key factors influencing the health of equipment, )(),(),( 21 tztztz m� , 

and their associated weights, 
mγγγ ,,, 21 � .  

2.2. Optimal Maintenance Policy 

     The method for calculating the cost and reliability values in the CBM optimization 

using PHM was described in [4]. A summary of this method is described as follows. 

     Let )(,( tzth be the hazard rate at time t and K  be the penalty cost. The basic theory of 

this approach can be described in the following way: if the observed risk )(,( tzthK ×  at 

the given inspection point of time is greater than a certain threshold value d , preventive 

replacement action should be taken; otherwise operation can continue. Failure 

replacement will be performed when a failure occurs between two inspection points of 

time. In this approach, the expected long run average cost per unit time is a function of the 

threshold risk level d , which is shown as follows: 
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 where, )(dΦ is the expected average cost per unit time and it is a function of the 

threshold risk level d , C  is the preventive replacement cost and KC +  is the failure 

replacement cost. )(dQ  is the probability that failure replacement will occur. 

)(dW denotes the expected time until replacement, regardless of whether it is a 

preventive action or a failure replacement. The objective of the CBM optimization using 
PHM is to find the optimal threshold value of the hazard rate to minimize maintenance 

cost. Once the optimal risk level, *d , is determined, the component is replaced at the first 

moment t when 
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3. Function for Fitting the Actual Inspection Measurement 

     To better represent the deterioration process of the equipment or component, an 

appropriate function is proposed to fit the actual measurements before they are used as 

input to the PHM. The fitting function is extracted from the Weibull distribution failure 

rate function. In reliability analysis, the health condition of equipment of component at a 

specified time is usually indicated by its failure rate at the given time. Weibull distribution 

is widely used in representing various practical lifetime distributions, and it is very 
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flexible to represent distributions with different scales and shapes [6]. Therefore, the 

following function generalized from the Weibull distribution failure rate function is used 

to fit the inspection measurements [5]: 

1)(ˆ −+= β

βα

β
tKYtZ

                                                (4) 

where t  is the age of the unit, )(ˆ tZ is the fitted measurement value, α and β are the scale 

parameter and the shape parameter. ( ) 1−ββαβ t  denotes the failure rate function for the 2-

parameter Weibull distribution. K  is introduced to scale the fitted measurement values to 
any ranges while Y  indicates the covariate value when the age is 0.  

     The function in Eq. 4 is named as the “Generalized Weibull-FR function” [5]. There 

are four parameters in the Generalized Weibull-FR function to be 

determined:α , β , K andY . Genetic algorithm (GA) is used to find the optimal values 

for the four parameters because of the good global optimization performance of GA [7, 8]. 

After being tested using many actual inspection histories collected from the field, the 

Generalized Weibull-FR function is proved to have the capability of fitting all the tested 

measurement series very well. An example is given as follows to show how the 

Generalized Weibull-FR function works: 

143.4

43.42.610

43.4
65.9008.0)(ˆ −+= ttZ                                      (5) 

     The fitted results for the actual inspection measurements in Figure 1 are plotted in 

Figure 2, represented by “*”. By removing the external noise from the actual inspection 

measurements, we can observe that the fitted measurements give a better indication of the 

degradation of the component.  
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Figure 2: An Actual Inspection Measurements and the Fitted Measurement Series (P1H_Par5) 

4. Case Studies 

     To validate the proposed approach, two case studies are conducted using real-world 

vibration monitoring data, which was collected from bearings on a group of Gould pumps 

at a Canadian Kraft Mill company [9] and from shear pump bearings in a food processing 

plant [4], respectively.  
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4.1. Gould Pump Bearings Case 

     In this case study, two categories of data were obtained: event data and inspection data. 

There were three types of event data: beginning event, failure event and suspension event. 

For inspection data, 56(8*5+8*1+8*1) vibration measurements were recorded. For each 

of the 8 pumps, seven measurements were analyzed at 5 different vibration frequency 

bands (8*5), and the overall vibration reading (8*1) plus the bearing’s acceleration data 

(8*1). In this case, 33 histories are used to demonstrate the proposed approach: 12 of them 

are failure replacements (ended with failure) and the other 21 histories are preventive 

replacements (ended with suspension). The actual inspection measurements and the fitted 

measurements obtained by the proposed approach will be used as input to the PHM 

respectively and their average toal maintenance cost will be compared. 

     There are five steps to perform CBM based on PHM: significance analysis, parameter 

estimation, transition probability matrix development, cost data estimation and CBM 

optimization. 

        Step1 – Significance Analysis 

     Using the software EXAKT, we can perform the significance analysis for the 56 

vibration measurements. Two covariates were identified to have significant influence on 

the health of bearings: P1H_Par5 (band 5 vibration frequency in Pump location P1H), and 

P1V_Par5 (band 5 vibration frequency in Pump location P1V).  

         Step 2- Parameter Estimation 

     In this case, there are four parameters to be estimated: η (scale parameter), β  (shape 

parameter), 1γ  (covariate weight for P1H_Par5), 2γ (covariate weight for P1V_Par5). 

Using the actual inspection measurements as input to the PHM, the four paramenters are 

estimated as follows:  
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     Next, the actual inspection measurements are fitted using the proposed fitting function. 

The parameters estimated based on the fitted measurement value are given as follows: 
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        Step 3 – Transition Probability Matrix Development 

     To calculate the maintenance cost we need to specify the transition probability matrix. 

The transition probability matrix indicates the probabilities of a covariate in different 

ranges at the next inspection time given its current range. EXAKT can be used to estimate 

the transition probability matrices for the two covariates. Assuming the inspection interval 

is 28 days, the transition probability matrices obtained based on the actual inspection 

measurements and fitted measurements are given respectively as follows: 

     The transition probability matrices for actual inspection measurements are given in 

Table 1 and 2. The transition probability matrices for fitted measurements are shown in 
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Table 3 and 4, and they are intended to be used to represent the transition and degradation 

of the health of the component. 
 

Table 1: Transition Probability Matrix for Covariate P1H_Par5 based on Actual Measurements 

 

Table 2: Transition Probability Matrix for Covariate P1V_Par5 based on Actual Measurements 

 
Table 3: Transition Probability Matrix for Covariate P1H_Par5 based on Fitted Measurements 

  

Table 4 Transition probability matrix for covariate P1V_Par5 based on fitted measurements 

 

Step 4 – Maintenance Cost Determination 

     Based on the expertise and previous experiences, the preventive replacement cost C is 

estimated to be $4,000, and the failure replacement cost C+K is $12,000 for this case. 

Thus the penalty cost K equals to $8,000. 
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        Step 5 –Maintenance Policy Optimization 

     Now, the CBM optimal policy can be determined using the estimated parameters, 

transition probability matrices and cost data information. Using the parameters estimated 

based on the actual inspection measurements, which are:  

 16.57,05.21,394.3,2757 21 ==== γγβη                            (8) 

     The optimal maintenance policy is obtained as: 

dayCdayd /$74075.5*,/$23204.7* ==                              (9) 

     In this policy, the optimal risk threshold level *d is obtained as 7.23204$/day, which 

means it is time to perform preventive replacement when the observed risk )(,( tzthK × is 

greater than 7.23204$/day. With this optimal policy, the total average maintenance cost is 

around 5.74075$/day and the average preventive replacement interval is 867.234 days.  

     Now we calculate the optimal policy based on the parameters obtained using fitted 

measurements as input, which are 

 01.72,41.17,936.3,2786 21 ==== γγβη                         (10) 

     The optimal maintenance policy is determined as: 

dayCdayd /$06254.5*,/$06254.5* ==                            (11) 

     The optimal risk threshold level *d is calculated as 5.06254$/day and the total average 

maintenance cost is shown as around 5.06254$/day. Based on the optimal policy, the 

average preventive replacement interval will be 949.648 days. 

     By comparing the optimized maintenance results before and after fitting the inspection 

measurements using the Generalized Weibull-FR function, we can see the total average 

maintenance cost based on the actual inspection measurements will be 5.74075$/day 

while the average cost based on the fitted measurements will be 5.06254$/day, as shown 

in Table 5. So using the proposed approach to fit the inspection measurements before 

applying to PHM will save the average maintenance cost around 11.81%.  The average 

replacement interval is increased from 867.234 days to 949.648 days, which is around 

9.5%. So we can conclude that by fitting the actual measurements before using them as 

input to the PHM will save the average maintenance cost and prolong the average 

replacement interval to make better use of remaining useful life.  

Table 5: CBM Optimization Results Comparison before and after Fitting the Measurements 

                  Results 

      Method 

Average Maintenance Cost 

($/day) 

Average Replacement Interval 

(day) 

Before 5.74075 867.234 

After 5.06254 949.648 

Changes 11.81% 9.5% 

4.2. Shear Pump Bearings Case 

     The second case is shear pump bearings in a food processing company. Totally 21 

(3+3*5+3) vibration measurements were collected using accelerometers, including 

vibration data in axial, horizontal and vertical directions for the overall velocity (3), 

velocities in 5 bands (3*5=15) and acceleration in three directions (3). There are 25 
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histories in the recorded data, including 13 failure replacements and 12 preventive 

replacements.  

     In this case, three covariates are identified to be significant: VEL#1A (band 1 velocity 

in the axial direction), VEL#1V (band 1 velocity in the vertical direction), and VEL#2A 

(band 2 velocity in the axial direction). By plotting the 3 covariates we found out only two 

covariates (VEL#1A and VEL#2A) showing increasing pattern. Since the proposed 

approach only works well for those covariates which show increasing trend but not so 

well for decreasing covariates, we will only use covariate VEL#1A and VEL#2A to 

further demonstrate the proposed approach. So 4 parameters need to be estimated: 

η (scale parameter), β  (shape parameter), 1γ  (covariate weight for VEL#1A), 2γ  

(covariate weight for VEL#2A). 

     The parameters estimated for actual inspection measurements and fitted measurements 

are given in Eq. (12) and Eq. (13) respectively: 

27.24,358.6,695.4,9.739 21 ==== γγβη                          (12) 

19.28,688.6,226.5,7.765 21 ==== γγβη                          (13) 

     Transition probability matrices are also obtained based on actual inspection 
measurements and fitted measurements respectively. 

     In this case, the preventive replacement cost ( C ) is estimated to be $1,800, and the 

failure replacement cost ( KC + ) is $16,200. 

     Based on the actual inspection measurements, the optimal maintenance policy is 

obtained to be: 

dayCdayd /$3408.12*,/$9556.16* ==                              (14) 

while the optimal policy for the fitted measurements is: 

dayCdayd /$3618.10*,/$3618.10* ==                                (15) 

    The comparison result given in Table 6 shows that the total average maintenance cost 

based on the actual inspection measurements is around 12.3408$/day while the cost based 

on the fitted measurements is about 10.3618$/day. So it will bring a saving of 16.36% in 

total average maintenance cost by using the proposed approach to fit the inspection 

measurements before applying to PHM. At the same time, the average replacement 

interval is increased from 168.305 days to 196.441 days, which is around 16.72%. So the 

proposed approach is further demonstrated to be able to save the total average 

maintenance cost and make better use of the remaining useful life. 

Table 6: CBM Optimization Results Comparison before and after Fitting the Measurements 

                  Results 

      Method 

Average Maintenance Cost 

($/day) 

Average Replacement Interval 

(day) 

Before 12.3408 168.305 

After 10.3618 196.441 

Changes 16.36% 16.72% 
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5. Conclusions 

     In CBM using PHM, generally actual condition monitoring measurement values are 

directly used to estimate the parameters for the PHM model. Nevertheless, the existing of 

external noise will change the monotonic increasing trend of inspection measurements and 

brings fluctuations in the deterioration process. Therefore the model built based on the 

actual measurement values may not accurately represent the health condition of the 

equipment or component and the optimal maintenance policy obtained based on the PHM 

model may not be really optimal. In this paper, an approach, which is fitting the actual 

measurements using the Generalized Weibull-FR function, is proposed to remove the 

external noise and fit the inspection measurements before feeding them into the PHM 

model.  

    Two case studies using real-world vibration monitoring data are used to demonstrate 

the proposed approach. Our studies show that the proposed approach will save the average 

maintenance cost and increase the average replacement interval to make better use of 

remaining useful life.  
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