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SUMMARY 
Failure rate estimation is an important tool for planning and operating decision making in asset 

management of the power system. Moreover, the knowledge of how different explanatory variables 

impact the failure rate of the power system equipment is crucial for substation design. This study 

investigates 2191 work orders of 1626 non-current breaking disconnectors with 344 major failures. In 

particular, this paper analyses the disconnector failure data regarding recurrent failure data. Since the 

original PHM cannot handle recurrent event data, different extensions were developed such as the 

Andersen-Gill (AG), Prentice, Williams and Peterson (PWP), and the Wei, Lin, and Weissfeld (WLW) 

model. These models are applied to the disconnector dataset with 140 recurrent time-to-failure 

processes. The explanatory variables age at admission, remote control, preventive maintenance, and 

voltage level are assessed. The results show that preventive maintenance has a significant and positive 

impact on the recurrences with all tested methods. Also remote control, voltage level, and age are 

significant covariates. Compared to the single failure study previously conducted, where age had no 

significance, age is significant when assessing the recurrent failure which is the most critical 

difference to the analysis without recurrences. 
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1. Introduction 
Independent of the perspective and the aim, one essential goal is to use the given resources in the most 

efficient manner possible, whether the purpose is to generate a higher profit or to limit the impact on 

the environment. Likewise, the goal of life cycle asset management is to gain the “greatest lifetime 

effectiveness, utilisation and return from physical assets” [1] which will have a positive effect on cost 

savings and the optimal use of the equipment will also limit the use of the world’s resources. The 

estimation of the remaining useful life (RUL) of equipment is an essential part of asset management 

and has been reviewed by industry in [2] and a more narrow focus on statistical data driven 

approaches has been given in [3]. Particularly, the failure rate estimation, one part of statistical RUL 

approaches, is important for planning and operating decision making within the power system domain 

[4]. 

 

More precisely, the knowledge of how different explanatory variables impact the failure rate of the 

power system equipment is crucial for substation design. A method to assess the impact of explanatory 

variables on equipment failures is the proportional hazard model (PHM) [5]. This statistical method 

has gained high popularity in medical sciences due to its generality, flexibility, and simplicity [3] but 

has rarely been applied within the power system domain [6]. This can be explained by the requirement 

of a sufficient amount of failure data which is often limited due to the long lifetimes of the power 

system equipment. Successful applications of the PHM in the power system domain are [7-10] where 

external covariates such as weather, season, and time trend are assessed for transmission equipment 

failures [9, 10] or the impact of installation methods and manufacturer on early cable failures [8]. [7] 

investigates 2191 work orders of 1626 non-current breaking disconnectors with the occurrence of 278 

major failures. The results show that the explanatory variables remote control, preventive 

maintenance, disconnector type, and voltage level are significant and consequently have an impact on 

the failure rate. It is shown in the univariate analysis that disconnectors with remote control 

functionality have a 2.1 times higher failure rate than manual operated disconnectors. Moreover, 

preventive maintenance has a positive impact on the failure rate. [7], however, makes the assumption 

that disconnectors are removed from the study after the first major failure to limit the complexity. 

Considering recurrent events, 344 major failures occurred during the same study period. Neglecting 

these additional 66 events might conceal additional insights for asset management. One study that 

analysed maintenance programs and recurrent event data of circuit breaker is [11]. This study focuses 

on various maintenance techniques to better understand the reliability of circuit breaker. In particular, 

statistical methods such as the mean cumulative function, the average field two-year recorded event 

rate, the field incident rate, and mean time between failures measures are applied. However, the 

impact of certain covariates has not been assed.  

 

Firstly, this paper applies the PHM on the same set of failure data as [7] but uses more detailed time-

to-failure data to show that the impact of ties in the dataset is small. Secondly, this paper analyses the 

disconnector failure dataset of [7] regarding the recurrent time-to-failure data. Likewise [7], the impact 

of the covariates preventive maintenance (PM), remote control availability, voltage level, and age is 

assessed. In order to achieve this, 4 different extensions of the PHM are applied to the dataset and later 

discussed regarding their suitability. In the next section, the PHM and the different extensions for 

recurrent failure data are presented in a comprehensive manner. The third section will introduce the 

extended disconnector dataset and the results of the PHM and recurrent failure data analysis is 

presented in section 4. The results are discussed in section 5 and section 6 concludes the work.  

 

2. Method 

2.1. Proportional Hazard Model 
The PHM is a regression model which is used in survival analysis to assess the impact of covariates  

on the failure rate of an individual 𝑖 [12]. Given the covariate vector 𝑥𝑖, the PHM is formulated as the 

probability of failure of the 𝑖-th individual in time interval [𝑡, 𝑡 + ∆𝑡) such that 
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𝜆(𝑡; 𝑥𝑖) =  lim
∆𝑡→0

𝑃(𝑡 < 𝑇 ≤ 𝑡 + ∆𝑡|𝑇 > 𝑡, 𝑥𝑖)

∆𝑡
= 𝜆0(𝑡)𝑟(𝑡, 𝑥𝑖  ), 𝑡 > 0 (1) 

where T is the time to failure or survival time, 𝜆0(𝑡) is the baseline failure rate of the population and 

𝑟(𝑡, 𝑥𝑖) is the relative risk function which is normalised when all covariates 𝑥𝑖 = 0, thus 𝑟(𝑡, 𝑥𝑖 ) = 1. 

The general form of the cox regression model in eq. (1) is called PHM when all covariates are fixed 

over time and the relative risk function might has the form 

𝑟(𝑡, 𝑥𝑖 ) = 𝑒(𝑍𝑖(𝑡)𝛽) (2) 

with 𝑍𝑖(𝑡) as a derived covariate vector and 𝛽 the regression parameters. Since the failure rate needs 

to fulfil the property 𝜆(𝑡; 𝑥𝑖) ≥ 0, the exponential form of the relative risk function is assumed. The 

constant covariates over time allow the formulation of the constant hazard ratio (HR) which is 

HR =
λ0(t)e(Z2(t)β)

λ0(t)e(Z1(t)β)
= e((Z2 (t)−Z1(t))β) (3) 

If 𝑍1(𝑡) = 0, the HR describes the impact on the baseline failure rate of the population. To assess the 

impact of covariates on the failure rate of a population with size 𝑛, 3 different data types are required. 

These are the time to failure or the censoring time 𝑇𝑖 of the 𝑖-th individual, the binary failure indicator 

𝛿𝑖 which describes if the individual has failed or is censored, and the covariate vector 𝑍𝑖(𝑡). Hence, we 

need the data in the form (𝑇𝑖, 𝛿𝑖 , 𝑍𝑖  (𝑡)), 𝑖 = 1, … , 𝑛  with 𝑛  as the number of individuals in the 

population. Based on these data, the regression parameters 𝛽 , which describe the effect of each 

covariate, are estimated by applying maximum likelihood methods. If the baseline failure rate is left 

unspecified, it is called partial likelihood. Eventually, the significance of the regression parameters is 

tested using the 𝑝-value test. Here, the null hypothesis that 𝛽 = 0 is tested, which says that there is no 

relationship between failure and covariate, to analyse whether the covariate is significant or not. A 

commonly chosen significance level α to reject the null hypothesis is 𝛼 ≤ 0.05. 

 

2.2. Recurrent Event Data Analysis 
The original form of the PHM only considers an individual until its first failure and then removes the 

individual from the study. This assumption neglects the detail that technical equipment can be 

repaired. To investigate the impact of covariates on repeatedly occurring events, recurrent event data 

analysis can be used. In the following, the notation of [13] is adopted to describe the models in this 

context and used in this paper.  

 

Let 𝑚 describe the number of recurrent event processes of all 𝑛 individuals in the study over the time 

interval  [0, 𝜏] . The number of events over the time interval [0, 𝑡]  is denoted with 𝑁𝑖(𝑡) . The 

cumulative sample mean function 

�̂�(𝑡) =
1

𝑚
∑ 𝑁𝑖(𝑡)

𝑚

𝑖=1
 (4) 

 

describes the cumulative number of recurrences of the particular event of interest. In recurrent event 

analysis, the pair of parameters (𝑇𝑖, 𝛿𝑖) is replaced by the functions (𝑁𝑖(𝑡), 𝑌𝑖(𝑡)), which are defined 

as [14] 

 

𝑁𝑖(𝑡) = the observed events in [0, 𝑡] for individual 𝑖 (5) 

 

𝑌𝑖(𝑡) = {
1        𝑖𝑓 individual 𝑖 is observed and at risk at 𝑡
0       otherwise                                                             

 (6) 

 

This additional notation allows the extension of the single-event PHM for recurrent events where 

several models exist [15]. In this paper we will present and apply 4 different approaches:  

1. The counting process formulation developed by Andersen and Gill (AG) [16] 

2. Two conditional models have been developed in [17] by Prentice, Williams, and Peterson 

(PWP) which differentiate each other by the time scale used. These models are  

a. the conditional probability model (PWP-CP) and  
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b. the gap time model (PWP-GT). 

3. The fourth model is a marginal event-specific model suggested by Wei, Lin, and Weissfeld 

(WLW) in [18] 

In the following subsections we will present the 4 different models in a comprehensive form based on 

the notation in [19] which compares the 4 models for recurrent event analysis in clinical trials. For a 

more thorough discussion of the models, the authors refer to [13, 14]. 

 

Counting Process Model 

In this model, the assumption is made that the recurrent failures are independent and all individuals 

contribute to the risk set at time 𝑡 if they are still under observation. The model can be defined as  

𝜆𝑖(𝑡) = 𝑌𝑖(𝑡) 𝜆0(𝑡) 𝑒(𝑍𝑖(𝑡)𝛽) (7) 

where 𝑌𝑖(𝑡) is the risk indicator for a failure of individual 𝑖 and defined as in eq. 6. The model can be 

better understood by assessing Table I. Here, each failure is independent since it is treated such as 

each row is a different individual which might just has a delayed entry. Generally, this model does not 

differentiate between the failure types [15]. 

 

Conditional Models 

These models are based on the assumption that each individual is not at risk for a 𝑗-th failure until a 

(𝑗 − 1)-th failure has occurred, thus, they are conditional. To count the number of recurrent failures, a 

stratum variable is used. The PWP-CP model is described as 

𝜆𝑖𝑗(𝑡) = 𝑌𝑖𝑗(𝑡) 𝜆0𝑗(𝑡) 𝑒(𝑍𝑖(𝑡)𝛽𝑗) (8) 

where 

𝑌𝑖𝑗(𝑡) = {
1   𝑖𝑓 the (j − 1)th failure has emerged by time 𝑡 for the i − th individual but the j − th failure has not
0  otherwise                                                                                                                                                                          

  

 

and the PWP-GT model is defined as 

 

𝜆𝑖𝑗(𝑡 − 𝑇𝑁(𝑡−)) = 𝑌𝑖𝑗(𝑡) 𝜆0(𝑡 − 𝑇𝑁(𝑡−)) 𝑒(𝑍𝑖(𝑡)𝛽𝑗) (9) 

where 

𝑌𝑖𝑗(𝑡) = {
1   𝑖𝑓 the (j − 1)th failure has emerged by time 𝑡 for the i − th individual but the j − th failure has not
0  otherwise                                                                                                                                                                          

  

and 𝑇𝑁(𝑡−) is the gap time between the events (j-1) and j.  
 

The main difference of these models is the time scale used as time-to-failure which is illustrated in 

Table I. The PWP-CP model uses the start of the study as time scale while the PWP-GT model uses 

the previous event as time measure. 

 

Marginal Model 

This model treats each failure as a separate process and therefore can be seen as marginal event-

specific model. Here, all individuals are at risk for all events independent of how many failures they 

actually experience since the start of the study. This is shown in Table I for disconnector. The formal 

description of the model is 

𝜆𝑖𝑗(𝑡) = 𝑌𝑖𝑗(𝑡) 𝜆0𝑗(𝑡) 𝑒(𝑍𝑖(𝑡)𝛽𝑗) (10) 

where 

𝑌𝑖𝑗(𝑡) = {
1        𝑖𝑓 the jth failure has not emerged at time 𝑡 for the i − th individual
0       otherwise                                                                                                             

  

 

3. Case Study: Disconnector population in Sweden 
The non-current breaking disconnector population which is studied in this paper has 1626 

disconnectors whereof 587 are remoted controlled and 1039 are manual controlled. Manually operated 

disconnectors have to be operated on site and remote controlled disconnectors can be operated from 

the control centre. The disconnector information have been gathered through 2191 work orders from 

the 



 

 5 

Table I: Data Layout Example of Disconnector 143 with 4 recurrent events four the four different models 
 

Model Time Interval Failure Indicator 𝜹 Stratum 

AG 

(0,101] 1 1 

(101,555] 1 1 

(555,1134] 1 1 

(1134,2588] 0 1 

PWP-CP 

(0,101] 1 1 

(101,555] 1 2 

(555,1134] 1 3 

(1134,2588] 0 4 

PWP-GT 

(0,101] 1 1 

(0,454] 1 2 

(0,579] 1 3 

(0,1454] 0 4 

WLW 

(0,101] 1 1 

(0,555] 1 2 

(0,1134] 1 3 

(0,2588] 0 4 

 

period of 2008 to February 2015. The failure modes manoeuvrability, current carrying and secondary 

functions have been identified as the main failure modes of major failures with over 60% [20]. In total, 

344 major failures occurred if recurrent failures are included. These are 66 additional failures 

compared to the 278 failures which were analysed in [7]. [7] showed that certain disconnector such as 

single pole disconnectors have a higher failure rate when compared to a double side break 

disconnector. Moreover, the study demonstrates that the PHM is a useful tool to quantify the impact of 

covariates on the failure rate of power system equipment even when incomplete datasets exist.   

 

The 344 failures occurred over the study time in days, where 0 corresponds to the 1st of January 2008 

and 2588 to the 01st of February 2015, are illustrated as crosses in Figure 1. The recurrent failures are 

depicted with the colours: dark green for the first failure, blue for the second failure, magenta for the 

third failure, and red for the fourth failure of disconnector i. The disconnector population has 45 

disconnectors with 2 failures, 13 disconnectors with 3 failures, and 4 disconnectors with 4 failures 

during the study period. The illustration of recurrent failure data such as in Figure 1 is practical when 

the number of individuals is limited since it can show the frequency and patterns of failures [13], 

however, in this case additional recurrent failure analysis is required. 

 

4. Results  
The analysis is conducted with the PHREG function in SAS 9.4 (SAS Institute, Cary NC). Table II 

shows the results of the single-failure dataset when the time-to-failure is counted in days. Using days 

as survival time measure causes less ties in the dataset. Compared to the results in [7] where years is 

used as survival time, the covariates are all still significant and have the same impact. However, the 

 
Figure 1: Failure plots for the disconnector population where the dark green ‘x’ is the first failure, blue 

the second failure, magenta the third failure, and red represents the forth failure of an individual 𝒊 
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Table II: Results of the Proportional Hazard Model with Stepwise Regression and Time-On-Study in Days 

as Time to Failure 

 
Maximum Likelihood Estimates 

Covariates DF β SE Chi-Square Pr>ChiSq HR 95% CI 

Remote Control 1 0.44 0.123 12.80 0.0003 1.550 1.219 1.972 

Voltage Level 1 1 -0.78 0.216 13.17 0.0003 0.457 0.300 0.698 

Voltage Level 2 1 -0.49 0.146 11.09 0.0009 0.615 0.462 0.819 

Voltage Level 3 1 -1.27 1.006 1.60 0.2060 0.280 0.039 2.013 

MI 1 1 -5.34 0.284 361.61 <.0001 0.005 0.003 0.008 

MI 2 1 -4.16 0.301 190.91 <.0001 0.016 0.009 0.028 

MI 3 1 -3.05 0.371 67.59 <.0001 0.047 0.023 0.098 

         

Testing Global Null Hypothesis: β=0  Model Fit Statistics  

Test Chi-Square DF Pr>ChiSq  Criterion Without Covariates With Covariates  

Likelihood Ratio 1197.0943 7 <.0001  -2 LOG L 4033.293 2836.199  

Score 2568.1733 7 <.0001  AIC 4033.293 2850.199  

Wald 591.8238 7 <.0001      

 
magnitude of the regression parameters slightly differs but even more important the confidence 

intervals of the HR are smaller.  

 

The cumulative mean function of the recurrent failure data is shown in Figure 2 for the complete 

population and stratified by the covariate remote control. The recurrent failure dataset is further 

assessed by the 4 PHM extensions presented in section 2.2. Similarly to [7], time-on-study is used as 

survival time and age at admission used as a linear covariate. Moreover, the type of recurrent failures 

is not considered in this analysis. The impact of the covariates age, remote control, voltage level, 

maintenance task counter (MainCount), which is the number of conducted preventive maintenance 

tasks during the study period, are assessed and the results are shown in Table III. The results show that 

the covariates remote control, voltage level, and MainCount are significant in all models. Only the 

significance of the covariate age changes depending on the model. In the AG model, age is close to be 

significant with a p-value of 0.1014 and significant in all other models. The HR of the covariates 

changes somewhat in magnitude but only slightly. The SE ratio, which is the robust SE divided by the 

non-robust SE, does not show a particular pattern such as the nonrobust results will be always be 

higher or lower than the robust results. The covariates were also assessed regarding the four strata. 

Here, the age is not significant and MainCount only for stratum 1 and 2 but not for 3 and 4. This 

seems to be reasonable since the recurrence of failures can indicate an underlying problem might exist 

which cannot be rectified by preventive maintenance.  

 

5. Discussion 

The remaining question is which one of the four recurrent event approaches is the most suitable 

regarding the analysis. This mainly depends on the aim of the study. As aforementioned, the AG 

model is most suitable if the distinction between the events is not necessary and an overall conclusion 

of the effect of a covariate, for example remote control, should be drawn. The PWP-CP is preferred if 

time of recurrent failure from entry into the study and the specific failure order should be investigated. 

On the other hand, the PWP-GT investigates the time interval between the failures. The WLW 

approach, however, focuses on assessing the failures at different orders as different types, if for 

example with a deterioration process. In this study, the results of the different models are similar and 

do not suggest that a particular model choice is be preferred. However, the PWP-CP model might be 

most suitable since it uses the time of entry into the study and distinguish between the specific order of 

failures with a stratum variable. 
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Figure 2: Sample mean cumulative function of recurrent failure data of the whole population (left) and 

divided by remote controlled (1) and manual controlled (0) disconnectors (right) 
 

Table III: Results of the Recurrent Event Analysis with Time-On-Study in Days as Time to Failure 

Analysis of Maximum Likelihood Estimates 

Model Covariate DF β SE 

SE 

Ratio Chi-Square Pr > ChiSq HR 95% CI 

AG 

Age 1 0.00506 0.00309 0.953 2.6833 0.1014 1.005 0.999 1.011 

Remote Control 1 0.38555 0.11202 0.992 11.8464 0.0006 1.470 1.181 1.831 

Voltage Level 1 1 -1.55189 0.23944 1.237 42.0088 <.0001 0.212 0.132 0.339 

Voltage Level 2 1 -1.04226 0.13665 0.997 58.1704 <.0001 0.353 0.270 0.461 

Voltage Level 3 1 -1.81177 0.69660 0.694 6.7645 0.0093 0.163 0.042 0.640 

MainCount 1 -1.97858 0.16504 1.422 143.7258 <.0001 0.138 0.100 0.191 

PWP-CP 

Age 1 0.00689 0.00350 1.053 3.8844 0.0487 1.007 1.000 1.014 

Remote Control 1 0.34844 0.12472 1.096 7.8054 0.0052 1.417 1.110 1.809 

Voltage Level 1 1 -1.73217 0.26913 1.370 41.4248 <.0001 0.177 0.104 0.300 

Voltage Level 2 1 -1.20999 0.15336 1.089 62.2492 <.0001 0.298 0.221 0.403 

Voltage Level 3 1 -2.05464 0.64576 0.643 10.1235 0.0015 0.128 0.036 0.454 

MainCount 1 -2.23281 0.22655 1.765 97.1341 <.0001 0.107 0.069 0.167 

PWP-GT 

Age 1 0.00811 0.00340 1.033 5.6824 0.0171 1.008 1.001 1.015 

Remote Control 1 0.36057 0.12796 1.127 7.9401 0.0048 1.434 1.116 1.843 

Voltage Level 1 1 -1.74815 0.26944 1.376 42.0965 <.0001 0.174 0.103 0.295 

Voltage Level 2 1 -1.23796 0.15094 1.077 67.2646 <.0001 0.290 0.216 0.390 

Voltage Level 3 1 -2.07385 0.65205 0.649 10.1157 0.0015 0.126 0.035 0.451 

MainCount 1 -2.19690 0.22313 1.757 96.9413 <.0001 0.111 0.072 0.172 

WLW 

Age 1 0.00866 0.00347 1.060 6.2373 0.0125 1.009 1.002 1.016 

Remote Control 1 0.38506 0.12938 1.155 8.8578 0.0029 1.470 1.141 1.894 

Voltage Level 1 1 -1.73342 0.27036 1.380 41.1075 <.0001 0.177 0.104 0.300 

Voltage Level 2 1 -1.24948 0.15046 1.079 68.9600 <.0001 0.287 0.213 0.385 

Voltage Level 3 1 -2.08510 0.64185 0.639 10.5533 0.0012 0.124 0.035 0.437 

MainCount 1 -2.24196 0.22122 1.758 102.7079 <.0001 0.106 0.069 0.164 

 

6. Conclusion 

This paper investigates the impact of explanatory variables on the failure rate of a disconnector 

population using the PHM and 4 extensions of the PHM to assess recurrent failure data. The analysis 
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showed that fewer ties in the single failure dataset improve the results mainly in terms of the size of 

the CI. Moreover, the recurrent failure analysis shows that the linear covariate age at admission is 

significant in 3 of the 4 extensions which is the main difference compared to the single failure 

analysis. All four PHM extensions showed results with similar HR magnitude and the choice of the 

model remains to be dependent on the aim of the study. 

 

This study strengthens the importance of analysing failure data from different perspectives to gain the 

most knowledge. The single failure analysis revealed the impact and significance of the covariates 

remote control availability, voltage level, preventive maintenance and disconnector type. In contrast, 

the study of recurrent failures also showed that age cannot be neglected when the recurrent failures 

occur which is common in the power system domain. 
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