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Abstract  
The South African railway industry is in the process of replacing its rolling stock fleet to keep up with technological 
advances. The paper presents the findings of reliability analysis, failure costs, and factors influencing the performance 
of the electric locomotives that run between Kimberly and Swartkops. Secondary data for the study was gathered 
through field reports and financial reports. According to the findings, the fleet had an average reliability of 71%, and 
there was a direct correlation between the number of failures and the size of the fleet. The results show that the 
locomotives have a high number of failures in the early days of operation and that this number decreases over time. 
The accidents were identified as the main drivers of the maintenance cost, and the cost of quality accounted for 17% 
of the total cost of maintenance over 17 months. The environment where the locomotives were operating was identified 
to have the highest impact on fleet reliability. The research recommended improvements in the commissioning system 
to include the process to provide feedback to the production line. It is also recommended that the case study company 
should initiate regular inspections to identify damages due to environmental factors. 
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1. Introduction 
South African railway operators are modernizing their rolling stock fleets (wagons, locomotives, and coaches) to meet 
technological and economic demands. The new fleets are expected to reduce maintenance costs, reduce delays, and 
stimulate economic growth in South Africa. The cost of maintenance is determined by the system's dependability and 
the organization's maintenance policies. According to the literature, reliability is defined as the failure of a system to 
perform its intended function (Andrzejczak, 2015). Failure in this study refers to the inability to perform the intended 
function as expected. Normally an engineering system can be in two states which is fail or normal state. During the 
warranty period, the system is expected to remain in its normal state and perform the intended function without any 
failure. In practice, this is not always the case. The system fails due to a range of factors which include poor design, 
poor quality of the production processes, improper operation, and operating environment (Weckman et al., 2001). 
Failure of the system during the warranty period creates frustrations for both customers and suppliers. Also, both 
customers and suppliers suffer from opportunity costs and reputation.  Hence, it is important to understand the failure 
pattern or the reliability of the system during the warranty period and the cost associated with the inability of the 
system to perform the intended functions. From the literature reviewed, very little is known about the reliability of the 
locomotives, and the failure cost during the warranty period in South Africa. Hence, the purpose of this study was as 
follows: 
a) To model the reliability of the locomotives working between Kimberly and Swartkops during the warranty 

period using the Non-homogeneous Poisson Process. 
b) To determine the trends of failure cost during the warranty phase of the locomotives,  
c) To determine the causes of locomotive failures during the warranty period. 
 
The remainder of the paper is divided into five sections, with section 2 covering the literature review and section 3 
covering the research method and data collection. Sections 4, 5, and 6 cover the study's findings, recommendations, 
and conclusions. 
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2. Literature Review 
This section discusses the literature that was reviewed to gain the knowledge needed to answer the three research 
questions. The concepts covered include reliability in Section 2.1, Poisson process analysis in Section 2.2, and failure 
cost in Section 2.3. 
 
2.1 Reliability 
One of the most used terms in maintenance engineering is reliability. The term refers to the system's ability to perform 
the intended functions given the design parameters (Weckman et al., 2001). The reliability theory enables the 
prediction of maintenance time intervals and the control of asset operating costs. Maintenance is defined as an 
integrated set of activities, processes, and procedures designed to keep an asset running and improve reliability (Sun, 
2006). The engineering system can be in one of two states: fail or normal. Andrzejczak (2015) further split the failed 
state of the asset or system into a total failure state, meaning the system cannot be used at all. Moreover, the non-total 
failure state, which means the system can be used with limited capabilities. The current study does not distinguish 
between total and non-total system failure states; the study only considers normal or failed states. The literature divides 
engineering systems into two categories: non-repairable systems and repairable systems (Trindade and Nathan, 2016). 
The term "non-repairable system" refers to a system that only has one life. It cannot be repaired like a light bulb or 
bearings. The term "repairable system" refers to a system that, if it fails, can be repaired and returned to services, such 
as a car engine or a bridge. The current research focuses on repairable systems, such as locomotives and related 
subsystems.  
 
Sun (2006) maintains that to model the reliability of the system requires the understanding of basic principles of 
probability theory. The most used probabilistic models to predict reliability include Markovian theory, Bayesian 
theory and Poisson process modelling. Markov process is a stochastic process normally used to assess the probability 
of the system moving from one state to another (Duo and Yifei, 2019). However, the scope of the current research 
excludes Markovian theory. The Bayesian analysis provides a prediction based on known conditions or previous 
experience (Taylor, 2013, p. 533). The application of Bayesian analysis in reliability analysis requires the experience 
of the maintenance team and maintenance engineers (Sun, 2006). Hence, the Bayesian process was not considered for 
the current research because the maintenance team is still in the process of developing the experience of the system. 
The Poisson process modelling falls in the same family of distributions as Binomial distribution, and they are called 
discrete distributions (Vedyushenko and Pesta, 2018). Poisson process modelling is normally used to predict the 
occurrence of independent events over a given time (t). The discrete nature of the Poisson process made it a suitable 
method of analysing the reliability of locomotives during the warranty period 
 
2.2 Poisson process analysis  
According to Vedyushenko and Pesta (2018), the Poisson process modelling is divided into Homogeneous Poisson 
Process (HPP) and non- Homogeneous Poisson Process (NHPP). The main difference between the two modelling 
processes is the rate of occurrence. The HPP assumes the constant rate of occurrence (ʎ) while NHPP rejects this 
assumption. According to NHPP, the rate of occurrence (ʎ) can go up or down throughout the observations. The ability 
of the NHPP model to predict the changes in the rate of occurrence made it a preferred modelling strategy for the 
current research. According to Leemis (2003), the properties of NHPP include the time (t), N (t) number of occurrences 
at the time (t), the instant arrival rate (ʎ) or density function and cumulative instant arrival. The theorems of HPP and 
NHPP are presented in (Cha and Finkelstein, 2018, pp. 73-85), where the unreliability, reliability and failure density 
of the system under HPP is computed as per formulas 1 to 3.  
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Where P (N (Δt) =x) is the probability of x number of failures over the changes in time (Δt) and F (t) is the cumulative 
density function. The symbol R (t) represents the reliability of the system over time. The symbol ʎ refers to the failure 
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intensity, and ʎt refers to the expected number of failures over time, given the failure rate. N (Δt) is the expected 
number of failures over time. Under NHHP, unreliability and reliability are calculated as per formulas 4 and 5. 
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However, the mathematics and computation associated with NHPP can be very exhausting. Hence, the current research 
used the capabilities built-in Minitab 17 to model the reliability during the warranty phase. Andrzejczak (2015) cited 
the power-law Poisson process as the most used NHPP method to analyse the reliability of repairable systems. The 
author (Ibid.) Further suggested that the Power-law Poisson process analysis requires the use of statistical software to 
prevent mistakes and Minitab 17 has all the capabilities required for the analysis of the repairable systems. 
 
2.3 Failure cost  
In the field of quality management, the term failure cost usually refers to the cost of analysing the faults, fixing the 
defects, and the opportunity cost because of malfunctions (Schiffauerova and Thomson, 2006). Due to contractual 
obligations and market demands, the failure of profit-generating equipment such as a locomotive can be disastrous to 
the business. As a result, the maintenance strategy should be devised to eliminate failures (Trindade and Nathan, 
2016). In engineering management, it is common knowledge that preventive maintenance is less expensive than 
corrective maintenance. As a result, it is critical to understand the failure costs of the assets during the warranty period 
and identify areas for improvement. The study calculated the cost of maintenance during the warranty period and 
divided it into three categories: planned maintenance, accident costs, and poor-quality costs. The low cost of quality 
is evaluated using the classification presented in (Bhero and Dlamini, 2015). The cost of rework, material scraping, 
and costs incurred due to failed quality management processes are all classified as poor cost of quality.  
 
3. Methods  
This study used both a qualitative and quantitative research approach. Quantitative research primarily relies on 
numerical data as a source of information, whereas qualitative research relies on data in the form of text and images 
(Walliman, 2011). Rajasekar et al., (2006) maintained that research is conducted for three main purposes which 
include exploratory, descriptive, and explanatory. The purpose of this exploratory study was to identify the failure 
pattern, failure cost, and factors affecting locomotives during the warranty period. The research adopted a secondary 
data analysis as a research method. The research analysed the operational data from field reports and asset management 
systems, as provided by the South African railway company.  
 
3.1 Data Acquisitions  
The data collection process included requesting permission from the railway company to use their data for this research 
and signing a non-disclosure agreement. Figure 1 provides the step-by-step process followed to analyse the secondary 
data. The secondary data for the study was gathered from operational data (failure reports, financial reports, and asset 
management systems). It was critical to create a database for this research and backup the information using a secure 
online platform called Google Drive folders to create an audit trail and protect the company information. Another 
critical step was data exploration, which involved inspecting the data for completeness, identifying information that 
would not be required for the study, and grouping data. Following the completion of the data exploration process, the 
next step was to remove information that was not required for the research, to remove duplicates and employee 
information, and adding information that would aid in data analysis while formatting the data so that it could be 
processed. After completing all the steps required to prepare the data for analysis, the next step was to apply statistical 
treatment, which is detailed in the following subsection. 
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Figure 1. Data preparation and analysis 

 
3.2 Data analysis  
Data analysis is the process of making sense of information, which can take the form of text, images, colours, or 
numbers. Because the data for this study included text, images, and numbers, the study employed both qualitative and 
quantitative analysis. The qualitative data were grouped and analyzed using counts and proportions, whereas the 
discrete data (number of failures) were analyzed using binomial distributions (Poisson process modelling) and 
nonparametric statistical analysis. The data analysis process produced four main output (fleet reliability, failure 
patterns, factors affecting fleet performance, and cost category trends) that were required to meet the study objectives.  

 
4. Results and Discussion  
 
This section summarizes the study's findings from the observations. Figure 2 illustrates the total number of units 
(locomotives) in the fleet as well as those at risk of failure. Figure 2 also shows the observed number of failures 
throughout the observations. The results show that the South African railway company had a constant number of units 
in the fleet from January to April 2018 and then began to experience an exponential increase in fleet size. The company 
had an entire fleet of locomotives in operations from January 2018 to December 2018. December 2018 shows the 
difference between the total fleet size and the number of locomotives in-service; the number of locomotives dropped 
by two locomotives. The result also shows a fluctuating number of failures during observations. The correlation 
between fleet size and failures was tested using the Spearman correlation. The Spearman correlation shows that there 
was a strong relationship between failures and fleet size (ρ =0.724 and p-value =0.002). 
 

Proceedings of the International Conference on Industrial Engineering and Operations Management 
Monterrey, Mexico, November 3-5, 2021

© IEOM Society International 1417



 
Figure 2. Fleet and failure trends 

 
4.1 Achieved fleet performance 
Table 1 shows the fleet's actual performance throughout the observations. The results show that the fleet achieved 100 
per cent reliability in January 2018, the month the fleet was accepted into service and another 100 per cent in March 
2018. The results also show that the company has had a fluctuating performance with fleet reliability ranging from 
37% to 100%. Throughout the observations, the fleet had an average reliability of 71%, which was less than the 90% 
depilated in the company documents.  
 

Table 1. Achieved performance 
Month #Breakdowns Total fleet Size No. of Units 

at risk 
Failure per unit Mean cumulative 

failures 
Failure 

intensity (ʎ) 
Reliability 

Jan-18 0 12 12 0,00 0,00 0,000 100% 
Feb-18 1 12 12 0,08 0,08 0,003 92% 
Mar-18 0 12 12 0,00 0,08 0,000 100% 
Apr-18 13 13 13 1,00 1,08 0,032 37% 

May-18 4 15 15 0,27 1,35 0,009 77% 
Jun-18 9 16 16 0,56 1,91 0,018 57% 
Jul-18 4 20 20 0,20 2,11 0,007 82% 

Aug-18 3 22 22 0,14 2,25 0,004 87% 
Sep-18 7 24 24 0,29 2,54 0,009 75% 
Oct-18 13 26 26 0,50 3,04 0,017 61% 

Nov-18 8 30 30 0,27 3,31 0,009 77% 
Dec-18 18 33 31 0,58 3,89 0,019 56% 
Jan-19 28 34 32 0,88 4,76 0,028 42% 
Feb-19 12 37 35 0,34 5,11 0,011 71% 
Mar-19 18 43 41 0,44 5,54 0,016 64% 
Apr-19 15 45 43 0,35 5,89 0,011 71% 

May-19 20 49 47 0,43 6,32 0,014 65% 
Jun-19 15 49  47 0,32 6,64 0,010 73% 

 
4.2 Failure event plots  
The section shows the event plot of failure intervals for each locomotive in service. The crosses (x) on the straight line 
represent the occurrence of failures for each locomotive throughout the observations. Figure 3 shows that the 
locomotives have a high number of failures between 0 and 61 days of service, indicating that the fleet is in its infant 
mortality phase (Block, et al., 2014).  
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Figure 3. Event plots 

 
4.3 Mean cumulative function of time in service 
 
Trindade and Nathan (2016) suggested a mean cumulative function as a useful tool to assess the failure behaviour of 
the system in the field over a while in operation. This section presents the cumulative function of the fleet over time 
in service. The results are based on the Maximum Likelihood estimation method with a 95% confidence level. The 
result in figure 4 shows that the fleet had a shape parameter of 0.713. According to Block et al. (2014), the shape 
parameter of less than one indicates that the fleet failures went down over the age of the fleet. The shape parameter in 
figure 4 confirmed the result in figure 3, which indicated that the locomotive experienced a high number of failures in 
the early days of operation and decreased with time. 
 
4.4 Failure trend test  
 
Wang and Coit (2005) maintained that the failures of the repairable systems are a dynamic phenomenon that can go 
up or down with age. The authors (Ibid.) suggested pairwise comparison non-parametric test, Laplace test and Lewis-
Robinson tests as some of the trend tests which can be used to test the trend of the repairable system. Block, et al. 
(2014) used the total time at test (TTT- based test), the military handbook test (MIL-HDBK-189) and the Laplace test 
as a tool to test the reliability trend of the repairable systems in the field.  
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Figure 4. Mean cumulative function of time 

 
The current research used MIL-HDBK-189 and Laplace test, which are some of the trend test tools built-in Minitab17 
as tools to test the trend of failures of the fleet. The trend test assesses the null hypothesis, claiming that there are no 
trends in the data, meaning the failure rate is constant (HHP) p-value > 0.05 and the alternative hypothesis claims that 
there is a trend in the failure data (NHHP) p-value < 0.05. Table 2 provides the results of the trend test based on the 
MIL-HDBK-189 and Laplace test for locomotive field data. Both test results are statistically significant at p-value = 
0.000. The trend test also confirmed that the failure trends were statistically significant, meaning the failures were 
dropping over time. 
 

Table 2. Trend test statistics 
 

 Test  
  

Test Statistics P-Value DF 

MIL-HDBK-189 TTT-based 1259,59 0,00 880 
Pooled 1109,16 0,00 812 

Laplace’s TTT-based -9,3 0,00  
Pooled -6,13 0,00  

 
4.5 Fleet reliability function  
 
Figure 5 shows the reliability or survival probability plot for the fleet over 300 days based on the Power Law process 
(Block, et al., 2014). The results show that the fleet had an exponential decrease in reliability overtime in operation 
with the mean time between failures of 51.37 days. The results also show that the fleet's interquartile range (IQR) was 
63 days, which is where most failures occurred.  
 

Proceedings of the International Conference on Industrial Engineering and Operations Management 
Monterrey, Mexico, November 3-5, 2021

© IEOM Society International 1420



 
Figure 5. Reliability and survival probability plot 

 
 
4.6 Cost categories trends  
 
This section discussed the cost incurred to maintain fleet performance during the warranty period. Figure 6 shows the 
trend of each cost driver as the percentage of the total maintenance cost. The result shows that in February 2018, the 
poor cost of quality accounted for 100% of the total cost of maintenance. The planned maintenance accounted for the 
highest 79% of the total cost of maintenance in March 2018. From April 2018 to January 2019, the cost of incidents 
had a dominating high percentage ranging from 45% to 61% of the total maintenance cost. The poor cost of quality 
presented in this paper excludes the cost incurred by the supplier or the manufacturer of the asset; it only presents the 
cost incurred by the operator. The poor cost of quality started at 100% and dropped to 3% in May 2018 and started to 
increase again in June 2018 from 7% to 17% in March 2019. Overall, incidents accounted for 43 per cent of the total 
maintenance cost, followed by 40 per cent of planned maintenance activities, and poor-quality activities accounted for 
17 per cent of total maintenance cost.  
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Figure 6. Trends for cost categories  

 
4.7 Factors affecting fleet reliability 
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The section presents the factors affecting the performance of the fleet as identified from field reports. The result in 
figure 7 shows that the pantograph (PANTO), communication, collisions, brakes, no operations (NOOP) and not 
starting (NSTARTING) were the main reported failure modes while the main circuit breaker (MCB), coupling pipes 
and driver display unit were the least reported failure modes.    
 

 
Figure 7. Pareto chart of failure modes 

 
Pantography-related failures accounted for the highest percentage of total failures (26%) followed by communication-
related breakdowns (18%) and collisions (10%). The three failure modes (panto, communication, and collision) 
accounted for 54% of total failures. Failure modes that contributed to 80 per cent of fleet failures included brake-
related failures, no operations, and no start.  
 
4.8 Cause and Effects  
The results in figure 8 indicate the cause and effect of the top 20 factors leading to the poor performance of the fleet. 
According to the cause and effect analysis based on operational data, pantograph related failures were caused by four 
major factors: loose catenary wires (36%), overhead stabilizer arm (16%), stuck AC/DC switch (13%), and Fault ADD 
(Automatic drop-down device) (3%). The loose catenary wires and overhead stabilizer arm were due to the 
infrastructure conditions while the stuck AC/DC switch and fault ADD were related to the locomotive malfunction. 
Communication breakdowns were found to be caused by radio malfunctions (50 per cent), loose wires (46 per cent), 
and data errors (4 per cent), with all communication breakdowns being due to poor quality. The main cause was 
discovered to be roaming animals. On the other hand, brake-related failures are caused by five factors: brake 
malfunction (41%), automatic emergency brake application (17%), incorrect set-up (17%), damaged signal pipe 
(16%), and loose brake pipe (9%). The majority (50%) of no-operations were found to be due to driver behaviour, 
while 10% were due to burnt invertors. However, not starting was found to be primarily due to power outages (55%) 
and defective contactors (36 per cent).  
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Figure 8. Cause and effect diagram 

 
4.9 Proposed Improvements 
The data indicated that the fleet was operating on the average reliability of 71% per month which was less than 90% 
specified on the contractual documents. The fleet was found to be in the infant mortality phase of its lifecycle with an 
interquartile range of 63 days and failures decreasing over time. Among the most failure modes were pantography, 
communication, collisions, and brake failures. The most significant contributors to system failures were environmental 
and quality-related failures. As a result, the research recommended that the commissioning system be improved to 
include a process for providing feedback to the production line. The locomotives used as the unit of analysis in the 
current study were designed to require maintenance every 90 days. The current study discovered a discrepancy 
between the locomotives' 90-day maintenance cycle and the interquartile range (IQR) of 63 days (where most of the 
failures were located). The outcome demonstrates that the design and operational environments are not always the 
same. As a result, as more information becomes available, the organization's plans must be adjusted. Because of the 
environment in which the locomotives were operating, the research recommends that the locomotives' condition be 
assessed regularly.  
 
The current study's second goal was to identify the trend of cost categories during the locomotive warranty period. 
The study divides the cost into three categories: poor quality cost, planned maintenance cost, and incident cost. The 
cost is presented each month as a percentage of the total cost of keeping the fleet operational. According to the study, 
the poor cost of quality accounts for 17% of total maintenance costs. Over 17 months, the cost of incidents accounted 
for 43 per cent of the total cost. The planned maintenance activities accounted for an average of 40% of the total cost. 
To combat the failure cost, the financial result also demonstrated the need for investment in prevention actions such 
as training, testing, and technology integration processes. The final study was designed to identify the failure modes 
that are affecting the fleet's operational performance. The Pareto chart was used in the study, and six failure modes 
were identified as being responsible for 80 per cent of fleet failures. The most common failure modes were identified 
as panto-graph related failures (PANTO), loss of communications, collision, brake-related failures, non-operation 
(NOOP), and not starting (NSTARTING). The cause and effect diagram allowed us to assess the root cause of the top 
20 failure modes, which were responsible for 80% of the failures.  
 
The researchers found loose catenary wires, stuck AC/DC switches and overhead stabilizer arms to be the main causes 
of pantography-related failures. Communication failure mode was mainly from radio malfunction and loose wires. 
The result shows that communication failures were due to quality issues. Hence, the research recommends the focus 
on communication systems to reduce the poor cost of quality. The study identifies roaming animals as the main cause 
of collision-related failures. The result shows that the environment where the locomotives were operating harmed the 
fleet performance. Brake mal-function was identified to be the leading cause of brake-related failures. No-operation 
was mainly due to operator behaviour. Defective contactors and power off were the main causes of not starting failure 
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mode.  Overall, the fleet performance was identified to be mainly affected by the environment where the fleet was 
operating, quality problems and human behaviour. 
 
5. Recommendation for future work and Limitations  
As a result of the experiences and observations during the current research, the investigation into the following aspects 
is recommended:  
• Future research should develop a model to predict the reliability of the asset based on the operating environment 

and interaction with other systems  
• Assessment of quality management maturity of the South African railway sector  
• The use of the internet of things devices as a possible solution for earlier fault detection on locomotives during 

the warranty period.  
 
In interpreting the research result, it is important to note the limitations associated with the research. The first limitation 
of the current research relates to the research strategy. The current research only analysed secondary data which do 
not provide the benefit of the primary data from people’s experience. The second limitation relates to the study setting; 
the current research only analysed data from the single fleet operating in one area. Hence, the results of the research 
cannot be generalized across different fleets during the warranty period.  
 
6. Conclusion  
The South African railway industry is in the process of replacing its rolling stock fleet to keep up with technological 
advances. According to the reviewed literature, very little is known about locomotive reliability and failure cost in 
South Africa during the warranty period. The following were the study's primary objectives: a) Model the reliability 
of locomotives operating between Kimberly and Swartkops during the warranty period using the Non-homogeneous 
Poisson Process; b) Determine the trends in locomotive failure cost during the warranty period; and c) Determine the 
causes of locomotive failures during the warranty period. The study used secondary data analysis as the research 
method. According to the findings, the locomotives had a high number of failures during their early days of operation, 
with an average of 71% reliability `monthly. The current research identified a mismatch between the 90-day 
maintenance cycle of the locomotives and the IQR 63 days. It was recommended that as more information becomes 
available, the organization's plans must be adjusted. Because of the environment in which the locomotives were 
operating, the research recommends that the locomotives' condition be assessed regularly.  
 
The research identified the poor cost of quality to be trending at 17% of the total costs of maintenance. The cost of 
incidents had the highest average of 43% of the total cost over 17 months. The planned maintenance activities had an 
average of 40% of the total cost. The financial result also shows the need for investment in prevention actions like 
training, testing and technology integration processes to combat the failure cost. The panto-graph related failures, loss 
of communications, collision, brake-related failures, no-operation and not starting were identified to be the most 
dominating failure modes. The cause and effect diagram provided the ability to assess the root cause of the top 20 
failure modes responsible for 80% of the failures. The researchers found loose catenary wires, stuck AC/DC switches 
and overhead stabilizer arms to be the main causes of pantograph-related failures. Communication failure mode was 
mainly from radio malfunction and loose wires. The result shows that communication failures were due to quality 
issues. Hence, the research recommends the focus on communication systems to reduce the poor cost of quality. The 
study identifies roaming animals as the main cause of collision-related failure. The result shows that the environment 
where the locomotives were operating harmed the fleet performance. Brake mal-function was identified to be the 
leading cause of brake-related failures. No-operations was mainly due to operator behaviour. Defective contactors and 
power off were the main causes of not starting failure mode.  Overall, the fleet performance was identified to be mainly 
affected by the environment where the fleet was operating, quality problems and human behaviour. 
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