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Abstract: Industry with a high level of investment, such as the oil and gas industry, needs 

a high level of availability. Product support and its related issues such as spare parts play 

an important role in maintaining a system at a desired level of availability. Reliability 

performance is a critical factor for product support and spare parts planning which can be 

influenced by operational environment. Therefore, all influence factors (covariates) on 

reliability performances must be considered in order to predicate the required number of 

spare parts.  The available reliability based methods for forecasting spare parts have given 

less attention to quantifying the effect of covariates. The aim of this paper is to study the 

effect of time-dependent and time-independent covariates on the prediction of spare parts 

using a real case study. 
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1.  Introduction 

     Due to the technology and economic issues, it is not possible to design a system 

without failure. Therefore, it is necessary to adopt appropriate and well-scheduled 

activities regarding support and spare parts to assure the desired level of availability 

throughout the system’s life [1]. However, spare parts provisioning is a complex problem 

and requires an accurate analysis of all factors that may affect the required number of 

spare parts.  

     Different reliability based statistical approaches have been developed for spare parts 

provision. The methods can be categorized in two main groups; i) analytical methods, and 

ii) simulation methods. The analytical methods are based on the Poisson process or 

Renewal theory for non-repairable items. Birth and Death process and Palm’s Theorem 

have been frequently used for repairable items in the analytical methods. The Monte Carlo 

method is one of the main simulation methods [2]. 

     In the reliability-based spare parts provision, the first step is to identify the reliability 

performance and failure rate of the item. Thereafter, the number of the required spare 

parts and the probability of spare part availability can be estimated [2]. However, to have 

an effective prediction, any factors which have an influence on the reliability performance 

of the item must be considered.  

     The reliability performance of an item can be influenced by different factors such as 

the operational environment, geographical location, design material, maintenance history, 

operator and maintenance crew skill, etc., [3, 4]. The factors that may have an influence 

on the reliability performance of an item are referred to as covariates.  Ignoring such 

covariates may lead to wrong result in reliability performance analysis and consequently 

on spare parts provisioning [4-6]. 
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     Ghodrati [7] showed that ignoring the effect of covariates can lead to 20% difference 

in the expected number of required spares for hydraulic jacks (lifting cylinder) of load-

haul-dump machine in the Kiruna Mine. Although the importance of covariates effect on 

spare parts provision is recognised, only a few papers describe quantitative models [2,6,7].  

Proportional hazard model (PHM) is a valuable statistical procedure to estimate the 

reliability performance and failure rate of an item subjected to covariates. The main 

assumption in PHM is that the effect of covariates is time-independent; therefore, this 

model is not applicable for estimating the item spare parts in the presence of time-

dependent covariates. 

     The time-dependency of covariates such as ambient temperature can have a direct 

effect on inventory management and spare part planning as well.  Consider a sensitive 

electronic component of an offshore oil and gas installation in the Arctic region; due to 

the effect of ambient temperature, this component may experience different failure rates 

during winter and summer.  It is obvious that the system needs more spare parts during the 

winter than the summer. Therefore, any method that is used for spare parts provision must 

be able to handle the time-dependency of the ambient temperature.  

     Several methods such as Stratification approach have been developed in reliability to 

analyse the effect of time-dependent covariates on reliability performance of an item [4, 8-

9].  However there is not enough study to consider the effect of time-dependent covariates 

on the spare parts provision. Hence, the aim of this paper is to present an approach to 

analyse the effect of time-dependent and time-independent covariates on the prediction of 

required number of spare parts of non-repairable items. For this aim initially, the 

reliability function is derived considering time-dependent and time-independent covariates 

using the extension of PHM or the Stratification approach (Section 2). Then, based on the 

reliability performance of item, using the Renewal Process the required number of spare 

parts can be estimated (Section 3). The application of the approach is demonstrated by a 

simple case study in Section 4. The conclusion of the paper is provided is Section 5.  

2.     Reliability Function considering Time-dependent and Time-independent 

Covariates  

According to PHM, hazard rate of an item is the product of a baseline hazard rate, h0(t) 

that depends on time only, and a positive function which describes how the hazard rate 

changes as a function of covariates as: 
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where zi , i=1,2,…,n, are the covariates associated with the item and βi , i=1,2,…,n, are the 

regression parameters of the model which defining the effects of each one of the 

covariates. An estimate of the βi parameters can be obtained by maximization of the 

partial likelihood function [4].  The baseline hazard rate represents the hazard rate which 

an item will experience when all covariates are equal to zero.  

     PHM in the form of the Equation no.1 can only handle time-independent covariates.  In 

the presence of time-dependent covariates, the extension of PHM or Stratification 

approach can be used. According to the extension of PHM, the hazard rate of an item can 

be calculated as: 
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where βi and δj are column vectors consisting of the regression parameters, zi is a time-

independent covariate and zj(t),  is a time-dependent covariate, p1 is the number of time-
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independent covariates and p2 is the number of time-dependent covariates . The method of 

maximum likelihood can be applied for estimation of βi and δj. The reliability function in 

the presence of time-dependent and time-independent covariates is given by: 
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where R0(t)  is the baseline reliability function which depends only on time and given by: 









−= ∫

t

dxxhtR
0

00 )(exp)(

 

(4) 

     The cumulative distribution function of failure can be written as: 
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     Finding the appropriate function for zj(t) is a great challenge for the use of this method 

[8].  Kalbfleisch and Prentice [10] proposed the Stratification approach to solve this 

problem in some cases. In this model, when there are n levels for the time-dependent 

covariates, each level is defined as a stratum. Under this circumstance, historical data will 

be grouped in different strata. Then, for each stratum, separate baseline hazard rates are 

computed, while the regression coefficients for all strata are equal. The hazard rate using 

the Stratification approach can be written as: 
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where hj(t,z) and hj0(t) are hazard rate and baseline hazard rate for j-th stratum 

respectively. However, this method can only be used when there is enough historical data 

for each stratum and different levels can be defined for time-dependent covariates. It 

should be noted that using the Stratification approach and defining strata when the number 

of time-dependent covariates is more than one is complex.  

3.    Reliability-based Spare Part Provision considering Covariates   

     In the reliability-based spare parts provisioning, the first step is to identify the 

reliability performance and failure rate of the item. For a non-repairable item, if the 

operation time is quite long and several replacements are needed during its mission, then 

the number of spare parts (or average of the failure) is a renewal function. Renewal theory 

was originally used to analyse the replacement of equipment upon failure, to find the 

distribution of the number of replacements and the mean number of replacements [2]. If 

N(t) represents the number of renewals (in our case the number of failures) that occur by 

time t, and if one assumes that the time-to-failure random variables Xi, , i>1, in the 

presence of covariates are  independent and have a common distribution F(t), then the 

probability distribution of the number of failures is given by: 

)()())(( 1 tFtFntNP nn +−==  (7) 

where F
n
(t) is the n-fold convolution of F(t) and denotes the probability that the n-th 

renewal occurs by time t and given by: 
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The expected number of failures, M(t), during a length of t is given by: 
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     Consider replacements of an item having an average time to failure denoted by T  and 

standard deviation of time to failures denoted by σ(T), then the average number of failures 

E(N(t))= M(t) will stabilize to the asymptotic value of the renewal function as[12]: 
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     And the corresponding failure intensity or renewal rate function, hs(t),  is given by: 
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     The renewal rate function gives the expected number of renewals per unit of time. The 

standard deviation of number of failures in time t is: 

( )[ ]
T

t

T

T
tN

)(
 

σ
σ =

 (12) 

     If time t in the above equations representing a planning horizon is large, then N(t) is 

approximately normally distributed (based on a central limit theorem). Then the 

approximated number of spares Nt needed during this period with a probability of shortage 

equal to 1- p is given by [7]: 
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where Ф
-1

 (p) is the inverse normal function.  

4.    Case Study  

     An electric power distribution carries electricity from the transmission system and 

delivers it to consumers. Failure in the fuse is one of the main failure modes in electric 

power distribution. The fuse is a type of sacrificial over-current protection device which is 

arranged in series to carry all the current passing through the protected circuit. Some 

factors such as the performance of different equipment in the electric power distribution, 

demand for power, overload, etc., can have a direct effect on the failure rate of fuses and 

the required number of spare parts.  These factors can be a function of the operational 

environment, such as temperature, icing, wind, etc.  For example, in tropical areas during 

the summer time, when the temperature goes up the customer may need more power 

which can lead to overload on the system. The failure data of fuses in the Bojnord electric 

power distribution (BEPD) were taken for the analysis. Bojnurd is a city in Iran which is 

very cold in the winter and hot in the summer. In such a location, the operational 

environment such as temperature, wind, snow, rain, etc., is one of the main failure causes 

of the power distribution line as well as the fuse failure.   Figure 1 shows one of the failed 

fuses in BEPD. 

         

Figure 1:  Failed Fuse in BEPD 
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4.1.    Reliability Analysis and Covariates Formulation  
     Two main assumptions which are implied in PHM and its extensions are i) times to 

failures are independent and identically distributed (iid); and ii) all influential covariates, 

especially the covariates that have significant influence on the reliability performance of 

the item, are included in the model. In order to check the iid assumption, graphical or 

numerical methods can be used [12]. Graphical methods have been used in this study; the 

result of analysis shows there is no reasonable evidence for the presence of trend and 

serial correlations in the data (see Figure 2). Therefore, the times to failure of the fuse are 

iid distributed.  

 
Figure 2: Trend plot (A) and Serial correlation test (B) for Time to Failure of Fuse  

     The selection and definition of covariates are very important in the reliability analysis 

considering the effect of covariates because any statistical inference is based on the way 

they were formulated. Formulation of covariates should be based on their effects on the 

failure mechanism of the item [4,7].  In this study, the assumption is that the operational 

environment (e.g., snow, temperature, rain, etc.) is the only influence covariate.  In order 

to formulate covariates, the month of failure is considered as the representation of the 

operational environment condition. Hence, the months of the failures were considered to 

be associated with binary covariates from z01 to z12 respectively from January to December. 

For particular time to failure, only one of these covariates will be equal to one to indicate 

the month in which the failure has occurred.  For example, if the failure occurs in January, 

then z01=1 and z02 till z12 will be equal to zero. 

     It must be noticed that, in order to formulate covariates in the first stage, the time 

dependency of the covariates must be checked. Any formulation which is used for time-

dependent covariates must reflect the magnitude of their changes during the mission. 

Graphical or numerical methods can be used for checking the time-dependency of 

covariates. The graphical method is often sufficient for checking the model [4]. In general, 

graphical methods are based on the grouping data. Different levels of desirable covariates 

define the number of groups and their boundary. If the covariate is time-independent, then 

the shape of the baseline hazard functions for all groups should be similar. Furthermore, 

log minus log survival plots (LML) or log cumulative hazards for different groups under 

the time-independency condition provide the parallel curves.  

     In this study, the LML and log cumulative hazard are selected for checking the time-

dependency of covariates. The results of analysis showed that the LML plot and log 

cumulative hazard when failure data are grouped based on the warm season  (June, July, 

August, September and October) and the cold season (January, February, March, April, 

May, November, December) are not parallel (see Figure 3). This means that the effect of 

the operational environment in the cold season and the warm season is time-dependent. 
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Therefore, the PHM model cannot be used for analysis. Based on expert opinion, the 

Stratification approach is selected as the proper method for reliability analysis. However, 

to check the effect of ignoring the time dependency of covariates for prediction of the 

required number of spare parts, the analysis is also done by PHM method as well. 

 
Figure 3: Cumulative Hazard Function (A) and LML (B) plot for Cold and Warm Seasons  

4.1.1    Stratification approach 

     In this study, the regression coefficient β was estimated using SPSS software. The p-

value of 5% is considered as the upper limit to check the significance of covariates. The p-

value gives the probability of obtaining such an extreme value for the coefficient of a 

covariate due to chance if there were no real effect for that covariate. The results of the 

data analysis using the Stratification approach, based on cold and warm seasons, are 

shown in Table 1. The Exp(β) is the failure ratio and if the value 1 appears within the 

confidence intervals of Exp(β), the effect of that covariate is considered to be insignificant. 

If the value of Exp(β) is less than 1, the direction of the effect is towards reducing the 

hazard rate. 

Table 1: Covariates and their Significance in equation using Stratification Approach 

95.0% CI for Exp(β) 
Step covariate β SE Wald df Sig. Exp(β) 

Lower Upper 

Step 1 z05 2.223 .533 17.370 1 .000 9.238 3.247 26.283 

z05 2.575 .567 20.634 1 .000 13.133 4.323 39.897 
Step 2 

z03 1.450 .504 8.284 1 .004 4.262 1.588 11.438 

z04 1.616 .535 9.133 1 .003 5.031 1.764 14.345 

z05 3.050 .617 24.396 1 .000 21.113 6.294 70.817 Step 3 

z03 1.885 .554 11.582 1 .001 6.588 2.224 19.511 

z04 2.651 .676 15.402 1 .000 14.170 3.770 53.258 

z05 4.139 .747 30.720 1 .000 62.764 14.521 271.278 

z11 2.147 .576 13.877 1 .000 8.555 2.765 26.466 
Step 4 

z03 2.946 .694 17.995 1 .000 19.028 4.878 74.217 

z04 2.651 .676 15.402 1 .000 14.170 3.770 53.258 

z05 4.139 .747 30.720 1 .000 62.764 14.521 271.278 

z09 -.927 .434 4.566 1 .033 .396 .169 .926 

z11 2.147 .576 13.877 1 .000 8.555 2.765 26.466 

Step 5 

z03 2.946 .694 17.995 1 .000 19.028 4.878 74.217 

     According to the result of the analysis, April (z04), May (z05), September (z09), 

November (z11) and March (z03) have a significant effect on the reliability performance 
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and the hazard rate of the fuses in BEPD. In other words, during the warm season, the 

hazard rate of the fuse decreased by 0.396 in September (z09), and for the other months of 

this season it is equal to the baseline hazard rate. However, for the cold season, during the 

January (z01), February(z02) and December(z12) the hazard rate is equal to the baseline 

hazard rate and during April (z04), May (z05), November (z11) and March (z03), it increased 

by14.170, 62.764, 8.555, and 19.028 respectively.  Re-running the analysis and dropping 

the covariates that have no significant effect on the hazard rate, showed the same result for 

effective covariates. Based on the final analysis, the fuse hazard rate can be written as: 

( ) ( ) ( )03110905040 946.2147.2927.0139.4651.2exp, zzzzzthzth ++−+=  (14) 

     With assumption that the Weibull is the best fit distribution for baseline hazard rate, 

Table 2 shows the distribution parameter of the baseline hazard rate for each stratum. 

Table 2: Weibull Distribution Parameters for different Baseline Hazard Rates 

Parameters 
Baseline Hazard Rate 

β0   η0 

Warm season (Stratum 2) 5.57 9.94 

Cold season (Stratum 1) 4.55 20.69 

     The hazard rate of the fuse in the warm season, ( )zthW , , and cold Season, ( )zthC , , can be 

defined by:  

( ) ( )09

157.5

927.0exp
94.994.9

57.5
, z

t
zthW −








=

−

 (15) 

( ) ( )03110504

155.4

Z946.2Z147.2Z139.4Z651.2exp
69.2069.20

55.4
, +++








=

−
t

zthC

 (16) 

4.1.2   Proportional hazard model (PHM) 

     If the effect of time-dependency of covariates is ignored PHM can be used for 

reliability performance analysis. Table 3 shows the result of final step of data analysis 

based on PHM assumption. Based on the result of the analysis, the hazard rate of fuse can 

be written as: 

( ) ( ) ( )0311100908070605040 2.3198.2288.388.2602.3901.3285.4426.4755.2exp, zzzzzzzzzthzth ++++++++=  (17) 

Table 3: Covariates and their Significance in equation using PHM 

95.0% CI for Exp(β) Step 

 

covariate 

 
β SE Wald df Sig. Exp(β) 

Lower Upper 

z04 2.755 .672 16.827 1 .000 15.727 4.216 58.668 

z05 4.426 .721 37.696 1 .000 83.577 20.347 343.293 

z06 4.285 .721 35.303 1 .000 72.621 17.667 298.519 

z07 3.901 .665 34.397 1 .000 49.459 13.429 182.152 

z08 3.602 .666 29.233 1 .000 36.676 9.938 135.357 

z09 2.880 .638 20.403 1 .000 17.808 5.105 62.125 

z10 3.288 .652 25.420 1 .000 26.799 7.463 96.224 

z11 2.198 .574 14.688 1 .000 9.009 2.927 27.725 

Step 9 

 

z03 3.200 .696 21.165 1 .000 24.532 6.276 95.897 
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     It is assumed that the best fit distribution for baseline hazard rate is Weibull 2 

parameters and the shape and scale parameters (β0, η0) are calculated 4.90 and 23.58 

respectively. The fuse hazard rate under the PHM assumption can be defined as:  

( ) ( )031110090807060504

190.4

2.3198.2288.388.2602.3901.3285.4426.4755.2exp
58.2358.23
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4.2.    Spare parts provisioning  

     According to the existing literature, if the distribution of baseline hazard rate of an item 

is Weibull, the effect of covariates only changes the scale parameter of the distribution 

and the shape parameter remains unchanged. Therefore, the shape and scale parameters 

(βf , ηf ) of Weibull distribution considering the effect of covariates are defined by [7]:  
( )0/1
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     According the Weibull distribution characteristics, the average time to failure (T ) and 

standard deviation (σ(T)) of the fuse considering the effect of covariates can be calculated 

as below: 
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     The number of required spare parts for the fuse of BEPD is calculated using equation 

13, 22 and 23 for different months of operation with probability of storage equal to 95%.  

The results of analysis show in Table 4.  
Table 4: Spare part provision based on PHM and Stratification approaches 

Approach Month fβ  c fη  
T  σ (T) T(hours) Nt 

Jan. (z01=1) 4.55 1.00 20.69 20.8 13.6 744 36 

Feb.(z02=1) 4.55 1.00 20.69 20.8 13.6 672 32 

 Mar. (z03=1) 4.55 19.03 10.83 10.9 7.1 744 68 

 Apr. (z04=1) 4.55 14.17 11.55 11.6 7.6 720 71 

 May (z05=1) 4.55 62.74 8.33 8.4 5.5 744 89 

 Nov.(z11=1) 4.55 8.56 12.91 12.9 8.5 720 55 

Stratum 1 

Dec.(z12=1) 4.55 1.00 20.69 20.8 13.6 744 36 

Jun (z06=1) 5.57 1.00 9.94 9.2 7.1 720 79 

Jul. (z07=1) 5.57 1.00 9.94 9.2 7.1 744 81 

Aug. (z08=1) 5.57 1.00 9.94 9.2 7.1 744 81 

 Sep. (z09=1) 5.57 0.40 11.74 10.8 8.3 720 66 

Stratum 2 

Oct. (z10=1) 5.57 1.00 9.94 9.2 7.1 744 81 

Jan.(z01=1) 4.9 1.00 23.58 21.6 17.8 744 34 

Feb.(z02=1) 4.9 1.00 23.58 21.6 17.8 672 30 

 Mar.(z03=1) 4.9 24.53 12.27 11.3 9.2 744 66 

 Apr. (z04=1) 4.9 15.72 13.44 12.3 10.1 720 58 

 May (z05=1) 4.9 83.60 9.56 8.8 7.2 744 57 

Jun (z06=1) 4.9 72.60 9.83 9 7.4 720 79 

PHM 

Jul. (z07=1) 4.9 49.45 10.64 9.8 8.0 744 76 
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Aug. (z08=1) 4.9 36.67 11.31 10.4 8.5 744 72 

 Sep. (z09=1) 4.9 17.81 13.10 12 9.9 720 62 

 Oct. (z10=1) 4.9 26.79 12.05 11.1 9.1 744 67 

 Nov. (z11=1) 4.9 9.01 15.06 13.8 11.3 720 53 

Dec. (z12=1) 4.9 1.00 23.58 17.8 744 21.6 34 

     The result of the data analysis of the case study shows that the required number of 

spare parts according to the Stratification approach is more than the PHM (Figure 4). 

Figure 4 shows that the difference between the predicted number of spare parts in 

April(z04), May(z05) and September(z09) are higher than other months. However, to 

recognize which factor of operational environment (e.g., rainfall rate, snow, user demand, 

etc.) provide these changes it is necessary to study operational environment more detail. 

 
Figure 4: Spare part provision based on Stratification and PHM approach 

5.  Conclusion  

     The operational environment may have significant influence on the required number of 

spare parts. Hence, any method which is used for spare parts provision must be able to 

quantify such effects. The reliability-based spare parts provision considering the effect of 

covariates can be used to quantify the effect of operational environment. In these methods 

the operational environment can be considered as covariates and then their effects on the 

reliability characteristic and consequently on required number of spare parts can be 

analysed. The paper presents an application of PHM and its extension in a real case in 

order to analyse the effect of operational environment for spare parts provision. The result 

of the case study shows that it is very important to check the time dependency of 

covariates as it may have considerable influence on the required number of spare parts.  
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