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Abstract: In this paper the application of a Proportional Hazard Model (PHM) in order to 
quantify the effects of climate conditions on the hazard rate of the Stacker belt in The 
Svea coal mine – in Svalbard, Norway –are discussed.  The result of the study shows that 
the hazard rate of the Stacker belt in winter can be four times more than the rest of the 
year, which needs to be considered in the maintenance plan of the mine. 
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1. Introduction 

In the mining industry there are millions of employees, and the turnover of the mining 
industry is in the billions. Furthermore machines used in mining are increasing in size, 
automation and complexity and becoming more expensive. Hence, there is an expectation 
that mining machinery is supposed to be available at all times, ready for use and have a 
high level of reliability. Hence, any factors (e.g., production plans, climate conditions, 
geology, failure in equipment, maintenance, equipment operators) which can affect the 
reliability and availability performance of mining machinery need to be identified and 
quantified. Machinery based in harsh climate conditions is known to have a lower 
reliability performance. However, the calculation and quantification of the climate 
conditions has not been widely researched in reliability analyses. The main challenge in 
quantifying such effective factors is to find the appropriate statistical approach that can 
incorporate all such influence factors [1, 2]. 
     At present, the most commonly used models for the reliability analyses of a system 
where the times between the failures are independent and identically distributed, are the 
Homogenous Poisson Process and the Renewal Process. Furthermore, if the data from a 
repairable system indicate any form of trend due to deterioration or improvement of the 
system, the Power Low Process model may be appropriate [3]. These models consider the 
Time between Failures (TBF) as the only variable of interest. Hence, when the other 
influence factors have significant effects on reliability these models are not suitable. From 
a statistical point of view all influence factors on reliability performance of an item are 
referred to as covariates. Parametric and non-parametric regression models such as PHM 
and accelerated failure time models can be used to incorporate the covariates effect [4, 5]. 
The PHM, originally, is processing the reliability of the data without making any specific 
assumption about the functional form of the baseline hazard rate. Hence, the PHM has 
been used in diverse areas in the reliability engineering when there is no clear theoretical 
reason for positing a particular distribution for baseline hazard rates [6-10].  

The aim of this paper is to analyze the effect of operational environment condition on 
the reliability performance of Stacker belt of Svea coal mine. The Svea coal mine is 
located on Svalbard - the northern part of Norway - and is operated by Store Norske 
Spitsbergen Kullkompani (SNSK) AS. The method of mining of SNSK is the mechanized 
longwall method, which includes several subsystems such as drum shearer, armoured face 
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conveyor, mine bolter, etc., Longwall mining is an underground operation. However the 
Stacker belt as a part of the transportation system of the mine is located outside of the 
mine where it will be subjected to the climate condition effects. Hence, it is necessary to 
investigate the climate condition effect on the reliability performance of the Stacker belt, 
which is the subject of this paper. The paper is organized as follows. In section 2, the 
adapted methodology for the reliability analysis of the Stacker which is based on the PHM 
is discussed briefly. In section 3, the reliability performance of the Stacker will be 
calculated using the PHM, and section 4 provides the conclusions. 

2. Methodology 

The PHM was introduced in 1972 by D. R. Cox in order to estimate the effects of 
different covariates influencing the hazard rate of a system [11]. It was primarily applied 
in the biomedical field. The assumption imposed by the PHM is that the hazard rate of a 
system is the product of a baseline hazard rate, h0(t), which depends on time only, and a 
positive functional term, ψ(βz), which describes how the hazard rate changes as a function 
of the influence factors or covariates. The PHM in the form of a failure function is 
represented as [12]: 

                                                    ℎ(𝑡, 𝑧) = ℎ0(𝑡)𝜓(𝛽𝑧)                         (1) 
where z is a row vector consisting of the covariates and β is a column vector consisting of 
the regression parameters. The covariate z is associated with the system, and β is the 
unknown parameter of the model, defining the effects of the covariates. The baseline 
hazard rate represents the hazard rate which an item will experience when all covariates 
are equal to zero, z=0, and requires ψ(βz)=1. The regression vector β can be estimated by 
maximizing the marginal, partial or maximum likelihood function. See ref. [3] for more 
information about these methods. However, the PHM can only handle the effect of time-
independent covariates.  In recent years, some methods such as the Stratification 
approach and extension of the PHM, which are derived from the PHM, have been 
developed to analysis the effect of time-dependent covariates on the reliability 
performance of a system [13]. Recently, Barabadi et al. [1] proposed a methodology in 
order to estimate the effect of covariates on reliability performance of a system based on 
the PHM and its extension which will be used for this case study. The proposed 
methodology is based on the following main steps: 

• Definition of boundaries, assumptions, and data collection. 
• Identification and formulation of covariates. 
• Identification of an analysis approach and estimation of component 

characteristics. 
• System modeling and throughput capacity analysis 

3. Reliability Performance Analysis of the Svea Coal Mine 

The Svea coal mine was first opened in 1917, later closed and reopened in 1999 for 
modern mining. The normal routine for work shifts is: Shift A from 07:30 to 17:30, Shift 
M from 17:00 to 03:30 and Shift B from 21:30 to 08:00, where shifts A and B are 
production shifts, while shift M is a maintenance shift. During production, SNSK tries to 
postpone (if possible) maintenance to the maintenance shift. During the maintenance shift, 
maintenance crews take oil samples, do vibration tests and use infrared cameras to make 
decisions about whether or not they should do preventive maintenance. Depending on the 
market and the price of coal, the mine can have one shift of production (shift A) or two 
shifts (shifts A and B). The system is operated from a control room outside of the mine.  
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 Svea has three different production lines. In production line 1, the coal will be cut 
by the Shearer, and the coal will be carried out of the mine by the conveyors (DT-8, H4, 
H3, T2, T1 and the Stacker). In production line 2, the Mine bolter (MB) is making a 
tunnel towards a possible new mining field; the mine bolter consists of four machines, i.e., 
two cutters and two bolters. The process is that the cutters cut 1-10 meters and let the 
bolters secure the roof and walls before the process are repeated. The continuous miner 
(CM) in production line 3 which is preparing a new face for the shearer is also connected 
to the main conveyor system as well. As mentioned the Stacker is the only part of the 
production line of the Svea that is exposed to the climate conditions. The function of the 
Stacker is to stack the coal outside the mine. Hence, the Stacker needs to raise the coal. 
Thereafter, from the stockpile the coal will be carried out to the main docks, and then it 
will be exported to different countries in Europe. The failure data from the Stacker are 
taken for this study. 

 
Figure 1: Reliability Block Diagram of the Svea Production Line 

3.1 Defining Boundaries, Establishing Assumptions and Collecting Data 

The preliminary analysis of failure data of the mine shows that approximately 6% of the 
failure in the conveyor line is related to the Stacker. The TBF data set of the Stacker have 
been collected, sorted and classified for a period of 1 year, 2010, for the main conveyors 
of Svea. The main sources for data include daily reports, operation and maintenance cards 
and discussions with the experts in the mine. Although the Stacker consists of several 
components, the failure data of these components have not been collected in Svea, and all 
failure data are recorded as failures of the Stacker. Hence, in this analysis the Stacker is 
considered as a component, and the items which build up the Stacker are out of the 
boundary. The result of the primary analysis shows that the data are identically and 
independently distributed. However, in order to calculate the reliability characteristics of 
the Stacker considering the climate conditions, it is assumed that:  

• The system is repairable. 
• The system is subjected to repair and maintenance. 
• The repaired components are as good as new.  

3.2 Identification and Formulation of Covariates 

The Svea coal mine is located on Svalbard at approximately 78 degrees north. The mean 
temperature for Svea in 2010 was -5.37 degrees Celsius, and on one occasion it dropped 
to -29.2 degrees Celsius. Such low temperature can change the properties of the material 
and cause an increased hazard rate. For example, low temperatures have a direct effect on 
lubricants, making them less effective and thus increasing the wear of the moving parts of 
the Stacker. Also, there are reports of ice and snow blocking the conveyors causing the 
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belts to halt for removal of ice and snow. According to the discussions with experts on the 
mine and considering the available data such as temperatures from the Svea Airport, 
months of failure and shifts of failure are considered as the covariates in this study. 
     Furthermore, a binary code is used to formulate the covariates. The months of the 
failures were considered to be associated with binary covariates from z01 to z12 
respectively from January to December. For the 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. In order to formulate the shift of failure they were considered as binary 
covariates z13 where, z13=1 represents shift A and 0 represents shift B. An example of the 
information of 10 failures of the Stacker is shown in Table 1. The first row of Table 1 
shows that the Stacker has failed after 47.5 hours and from the covariates column it can be 
found that the failure has occurred in January on shift B. 

3.3 Identification of Analytic Approach and Estimation of Component 
Characteristics 

3.3.1  Identification of Analytic Approach  

As mentioned previously, in order to select the appropriate model at the first stage, the 
time-dependency of the covariate must be checked. Graphical methods and numerical 
methods can be used to check the time-dependency of the covariates. In general, graphical 
methods are based on the partitioning of TBF data sets with respect to arbitrary time 
intervals, or stratification (grouping) of TBF data based on different levels of desired 
covariates. If the covariates are time-independent, the log minus log survival plot (LML) 
or the log cumulative failure plot versus time graphs for different selected groups yields 
parallel curves [1-3]. Through the graphical method the LML plot is more recommended.  
     Hence, in this study the LML plot is selected for checking the time-dependency of 
the covariates.  The TBF data set have been grouped based on different time intervals 
and levels of different covariates. Figure 2 shows the LML plot when the data are grouped 
based on the temperature above and below -9°C. The result of the analysis shows that the 
LML plot for such different groups can be considered as a parallel curve which means that 
the covariates are time-independent. Therefore, the PHM can be considered as a suitable 
model for the data analysis. As mentioned the PHM, originally, has no assumption about 
the shape of the baseline hazard rate. Under this assumption the PHM is categorized under 
the non-parametric regression models. However, the PHM has this ability to define a 
parametric distribution such as the Weibull distribution for baseline hazard rates, known 
as parametric PHM [1]. Moreover, different functional forms of 𝜑(𝛽𝑧) can be used. 
However the exponential form for 𝜑(𝛽𝑧)  is the most widely used because of its 
generality and simplicity, with regard to the exponential form for 𝜑(𝛽𝑧) the hazard rate 
can be written as [1]: 
                           ℎ(𝑡, 𝑧) = ℎ0(𝑡) 𝑒𝑥𝑝(𝛽𝑧) = ℎ0(𝑡) exp�∑ 𝛽𝑗𝑧𝑗𝑛

𝑗=1 �                  (2)    
In this study we used the non-parametric PHM and exponential form to model the 

covariate function 𝜑(𝛽𝑧). 

3.3.2  Estimation of Component Characteristics 

In this study calculations were carried out using the software SPSS. In commercial 
software such as SPSS, there are two stepwise methods to select a good set of independent 
variables (covariates), i.e., the forward and backward stepwise. The forward stepwise 
starts with no variables in the model, and trying out the variables one by one, and 
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including them, if they are statistically significant. The backward stepwise starts with 
estimating the parameters for the full model, which include all eligible variables, and it 
continues with testing them one by one for statistical significance, deleting any that are 
not significant.  The stepwise methods can use the Wald statistic, the likelihood ratio, or 
a conditional algorithm for variable removal. For both stepwise methods, the score 
statistic is used to select variables for entry into the model. 

Table 1: Example of TBF and Covariates Data for Stacker 
 

TBF 
(hr.) 

TTR 
(hr.) 

Covariates 

z01 z02 z03 z04 z05 z06 z07 z08 z09 z10 z11 z12 z13 
47.5 1.25 1 0 0 0 0 0 0 0 0 0 0 0 0 
17.5 0.25 1 0 0 0 0 0 0 0 0 0 0 0 1 
75.5 0.25 1 0 0 0 0 0 0 0 0 0 0 0 1 
75.5 0.9 1 0 0 0 0 0 0 0 0 0 0 0 1 

184.5 3.3 1 0 0 0 0 0 0 0 0 0 0 0 0 
114 0.1 0 1 0 0 0 0 0 0 0 0 0 0 1 
16 0.1 0 1 0 0 0 0 0 0 0 0 0 0 1 
6 0.8 0 1 0 0 0 0 0 0 0 0 0 0 1 

378 0.5 1 0 0 0 0 0 0 0 0 1 0 0 1 
18 0.4 1 0 0 0 0 0 0 0 0 0 0 1 1 

              
 Figure 2: An LML Plot of the Stacker Based on Temperatures Above and Below -9°C  

In this study the regression coefficient, β was estimated calculating the Wald statistic 
and its p-value tests using the forward stepwise and the significance of each β. The Wald 
statistic is calculated by squaring the ratio of the estimate of β to its standard deviation. 
Normally a p-value of 10% is considered as the upper limit to check the significance of 
covariates. In this study we consider the 5% as the upper limit. The result of the analysis 
is shown in Table 2. This analysis indicated that only the effects of Jan. (z01), Feb. (z02) 
and Dec. (z12) are significant on the hazard rate of Stacker. This analysis showed that the 
hazard rate of the Stacker in January, February and December will be increased by the 
factors equal to 5.1, 5.8 and 4.2 respectively. And based on the result of the analysis the 
hazard rate for Stacker can be: 
                          ℎ(𝑡, 𝑧) = ℎ0(𝑡) 𝑒𝑥𝑝(1.639𝑧01 + 1.747𝑧02 + 1.43𝑧12)               (3) 
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Table 2: Covariates and their Significance in Equation 

Step Covariates β SE Wald Sig. Exp(β) 
Step 1 Jan. 0.72 0.365 3.897 0.048 2.1 

Step 2 Jan. 0.967 0.39 6.143 0.013 2.6 
Feb. 1.062 0.439 5.859 0.015 2.9 

Step 3 
Jan. 1.639 0.487 11.33 0.001 5.1 
Feb. 1.747 0.529 10.898 0.001 5.8 
Des. 1.43 0.469 9.306 0.002 4.2 

Table 2 shows that the effects of January, February and December (as the covariates 
with significant effect) in Svea are not very different. Furthermore, the monthly reporting 
of the hazard rate is not the most convenient way in order to make changes in the 
maintenance policy or spare part planning. Hence, based on the result of the analysis the 
covariate can be defined  based on the season of failure, where January, February and 
December are considered to be the winter season (z20), March, April, October and 
September to be fall (z21) and May, June, July and August to be summer (z22). The new 
covariates are formulated by a binary code to show the season of the failure. However, in 
order to obtain the reliability of the Stacker based on the new defined covariates, the time 
dependency of new covariates needs to be checked. Using the LML plot, the result of the 
analysis showed that the new covariates are time-independent. Hence, the PHM can be 
used for reliability analysis considering the new covariates. Table 3 shows the result of the 
reliability analysis of the Stacker considering the season of failure as covariates. 

Table 3 shows that the only covariate which has significant effects on hazard rate of 
the Stacker is the winter season. Hence, based on the new analysis the hazard rate of the 
Stacker can be written as: 
                                               ℎ(𝑡, 𝑧) = ℎ0(𝑡) 𝑒𝑥𝑝(1.565𝑧20)                        (4) 
Based on equation number 4, it can be concluded that during winter the hazard rate is 4.78 
times higher than the hazard rate in the rest of the year. 

Table 3: Covariates and their Significance in Equation 

Step Covariates β SE Wald Sig. Exp(β) 

Step 1 Winter 1.565 0.415 14.206 0.0 4.78 
 

The PHM has high sensitivity to the omission and the way that the covariate is formulated 
and any wrong definition of covariate may lead to the wrong result in the reliability 
estimation. Therefore, it needs to be checked if there is a difference between the failure 
rates of the Stacker belt when the time of failure as a covariate in defined in two different 
ways based on month of failure (z01 to z12) and season of failure (z20 to z22 ) as mentioned 
before.  The comparison of the hazard function and cumulative hazard for two different 
way of definition of covariates can be found in Figure 3. It shows that the hazard rates in 
both cases are equal until 250 hours, and after that the estimated hazard rate based on 
season of failure is less than the hazard rate based on the month of failure. However, 
because most of the failures occur before 250 hours it can be said that both ways of 
definitions of the covariate give the same result. Hence, the seasonal definition of 
covariate is more applicable and can be used for production planning instead of the 
monthly definition. Any production planning, maintenance strategy selection or spare part 
planning for Svea must consider that the hazard rate of the Stacker in winter is 4.781 
times higher than the rest of the year. Such factor indicated that in the winter time the 
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required number of the spare parts will be increased. In order to achieve same reliability 
as the summer, the maintenance interval needs to be increased in winter. However, a cost 
benefit analysis is needed to make the decision and more information such as the cost of 
maintenance activity and spare parts are required.  

 

 
Figure 3: Hazard Function of Seasonal and Monthly Covariates 

4. Conclusion 

The reliability performance analysis of the Stacker belt shows that the hazard rate of the 
Stacker increases drastically in winter. Furthermore the shifts of failure have no effect on 
the hazard rate.  For a better performance of the Stacker, it may be concluded that the 
maintenance strategy needs to be changed in winter which may increase the average time 
to failure.  Further investigation needs to find the reason for the increase of the hazard 
rate of the Stacker during the winter. To have an effective reliability performance analysis 
it is very important to collect and explore all the influence factors on the failure 
mechanism of the components. Furthermore, the formulation of the influence factor must 
reflect the way which they may affect the failure mechanism. By identifying all influence 
factors and through the proper definition of these influence factors the PHM can be used 
for analysing the effects of influence factors on the reliability performance of the 
components including the mining equipment. 
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