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PREFACE 

This thesis was assembled and presented in article format. A new practical failure prediction 

methodology was developed. Three articles, given in the appendices, were constructed from 

the prediction methodology. The three articles describe the application of a newly developed 

methodology to three systems, namely mine dewatering pumps, compressors and scraper 

winch systems. The articles follow a logical flow, indicating the methodology development and 

application thereof. The authors and all relevant parties provided permission for the use of the 

articles as part of this doctoral degree. 
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ABSTRACT 

Title:  Failure prediction of critical mine machinery 

Author: Johannes Abraham Jacobs 

Supervisor: Dr. Hendrik Gideon Brand 
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The South African mining industry is under immense economic pressure and has been 

following a negative trend over the last 30 years. It is thus imperative to regain a position at 

the front end of technological advances in the global market. Today’s engineering systems 

have become increasingly complex to be designed and built while the demand for reliability 

continues. Various studies have involved reliability analyses in industrial fields based on the 

evolution of the failure rate of equipment. Proper maintenance strategies are required to 

achieve maximum reliability. 

Both maintenance and reliability have roots in each other’s territory. Ultimately, optimising 

maintenance methods will yield increased system reliability. Typically, maintenance strategies 

in the mining industry are reactive and cyclic, which can lead to failure creep. These strategies 

can be improved using a proactive approach, which requires forecasting models. Examples of 

forecasting models include the Weibull models and the Crow-AMSAA (NHPP) model, which 

can be represented stochastically by the Weibull process. 

Weibull distributions have proven to successfully model failure patterns for various product 

failure mechanisms, with the most common being the standard two-parameter model. The 

Crow-AMSAA model is designed for use on systems where the analysis of the reliability growth 

process is essential. These models have been widely used in the reliability engineering 

environment, but has not yet been implemented on equipment operating on a deep-level mine 

in South Africa. 

A new practical method was developed for predicting equipment failure using a unique 

combination of these models, conditional and quantile analyses. The method was applied to 

mine dewatering pumps, compressors and scraper winches. For each of these components, 

the base method was adapted to maintain compatibility with the different data set types. The 

methodology, application and results were documented as three separate articles, which are 

summarised below. 
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Mine dewatering pumps – Article I (Appendix B). A new failure prediction methodology was 

developed and validated on four pumps, operating at different depths. The Weibull analysis 

was applied to previously installed pumps and successfully predicted the failures of newly 

installed pumps. Furthermore, the results showed a quadratic relationship between the 

characteristic life and operating depth of a dewatering pump. Significantly, this correlation 

quantifies all the factors that contribute to the service life of a dewatering pump. 

Mine compressors – Article II (Appendix C). The base methodology was modified to be more 

generic and applicable to highly reliable equipment. The new methodology was applied to 

multiple compressors operating at different compressor houses. Furthermore, the results were 

validated using the leave-one-out cross-validation method. The model successfully predicted 

the next component breakdown based on the current survival age of each compressor, which 

yielded an overall average prediction accuracy of 92%. 

Mine scraper winches – Article III (Appendix D). The methodology was integrated with the 

Crow-AMSAA (NHPP) model to predict the number of failures. The ability of the Crow-AMSAA 

(NHPP) model to make accurate predictions on multi-failure mode systems was leveraged to 

adjust parameters within the base methodology to predict the actual failure times. An average 

failure prediction accuracy of 94% was achieved. 
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THESIS OVERVIEW 

The layout of this thesis follows a logical flow pattern consisting of a holistic overview of the 

current issues faced in the mining industry to a final need for the study. The primary objective 

of this study is to highlight the importance of system reliability optimisation and to explore the 

possible maintenance strategies. Fundamentally, reliability is rooted in failure prediction; 

hence, a failure prediction model was developed, which presents a solution to this problem. 

CHAPTER 1: INTRODUCTION 

This chapter gives a holistic overview of the current challenges faced in the mining industry. 

Emphasis is given to the importance of system reliability improvements and how they can be 

achieved. Furthermore, the chapter presents the novel contributions and indicates the current 

operations in industry, the limitations, and solutions to address these issues. Ultimately, this 

yields the need for the study, which is also described in this section. 

CHAPTER 2: LITERATURE SURVEY 

The literature survey follows the inverted triangle research principle. This section starts with a 

broad overview of the life cycle and reliability of equipment. Thereafter, the importance of and 

need for assessing reliability are highlighted. Following this, literature is provided on the 

development of models involving reliability, how they are constructed and applied. 

In addition, a brief overview is provided on the failure prediction method, which was studied 

more extensively in the appended articles. Finally, research was conducted on critical mine 

machinery, with emphasis on the functional and economic impact on mining operations. The 

research highlighted the need for failure prediction, which led to the formulation of the research 

questions for the appended articles. 

CHAPTER 3: PUBLICATIONS SUMMARY 

This section provides a summary of each research article. The articles are discussed briefly 

and the highlights and novelty of each are given. 

CHAPTER 4: CONCLUSION 

In this chapter, a summary and conclusion are provided with regards to the final results and 

novel contributions. Furthermore, from the results obtained from the articles, future research 

is presented. 
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1. INTRODUCTION 

1.1 BACKGROUND 

The economic contribution of the South African mining industry has been following a negative 

trend over the last 30 years [1]. The mining sector’s contribution to the overall gross domestic 

product of South Africa has reduced from 22% in 1980 to 6.8% in 2017 [1], [2]. Rapidly rising 

costs, controllable or not, keep eroding profitability in this sector [2]. It is thus imperative for 

mines to regain a position at the front end of technological advances to stay competitive in the 

global market. 

With globalisation, competitiveness is regarded as one of the most important elements that 

yield high probable market success [3]. Consequently, the mining industry must be subjected 

to modernisation. Six programmes were set in motion in 2017, which include mechanisation 

and real-time information management systems [4]. Mechanisation is expected to enable 

profitable gold-mining operations well beyond the year 2045, see Figure 1 below [4]. 

 

Figure 1: Estimated benefits of using fully mechanised mining techniques, operating 24/7 [4] 

It is evident that mechanisation and automation will contribute considerably to the productivity 

of the mining sector. However, unexpected equipment failures and imperfect planned or 

routine maintenance can possibly impede maximum equipment utilisation, which will require 

a significant amount of extra capital investment [5]. 
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Mining equipment capital costs for a given operation typically depend on the size of the mining 

company and the number of shafts in operation. Essentially, these large investments require 

optimum equipment usage such that operating costs are minimised [6]. 

Maintenance is one of the primary contributors that consume a significant proportion of the 

operational costs in the mining industry. These costs account for approximately 30% to 50% 

of direct mining costs [7]. Conventional maintenance strategies such as preventive and 

planned maintenance are scheduled periodically based on the planner’s experience and 

historical failure data [8]. 

Ultimately, these strategies can result in failure creep, which will result in decreasing reliability 

[9], [10], [11]. Improving equipment reliability extends longevity at the least cost, which is 

achieved by using a reliability-centred maintenance strategy [12]. Successful implementation 

thereof requires an understanding of equipment failure and how it occurs [12]. 

The definition of failure, which is generally defined as a complete refurbishment, can also be 

an event that deviates from normal operation. Therefore, it is entirely up to the person 

conducting the analysis [12]. Regardless of the definition, failure is difficult to quantify and it is 

further challenging to predict a probable time of occurrence because reliability always involves 

uncertainty as the time of failures are unknown although the probability of failure exists [13]. 

Therefore, if failures cannot be averted, the total costs of keeping the equipment in reliable 

condition are influenced as a result thereof [12]. Costs involving unplanned equipment failure 

can be 300% more than the maintenance cost that could have avoided the failures, see Figure 

2 [12]. It is thus vital to prioritise a proactive maintenance programme over a breakdown 

maintenance programme to reduce the potential for personnel injury and increase equipment 

availability [14]. 

 

Figure 2: Total equipment costs in relation to maintenance and failure costs 
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A combination of condition-based models can be used to attempt failure prediction [15]. These 

models typically require a significant amount of field data, which is sometimes challenging in 

the mining industry. In most cases, only high-level data can be obtained, ultimately inducing 

the adoption of simplified models. Such models include the Weibull models and the Crow-

Army Materiel Systems Analysis Activity (Crow-AMSAA) Non-homogeneous Poisson Process 

(NHPP) model, both of which are well known for representing lifetime distributions in the 

reliability engineering environment [16], [17]. 

WEIBULL DISTRIBUTION 

Weibull formulated the Weibull distribution in 1937 there after he delivered his hallmark 

American paper on this subject in 1951. According to Weibull, the application of this 

distribution could be adapted to a wide range of problems. However, during this time, the 

reaction to his paper was extremely negative – varying from scepticism to outright rejection 

[16]. 

However, Shainin and Johnson, pioneers in this field, applied and improved the technique. 

Ultimately, the United States Air Force recognised Weibull’s work and funded the research 

until 1975. Consequently, the Weibull analysis is now regarded as the leading method in the 

world for fitting and analysing life data [16]. 

One of the primary advantages of the Weibull analysis is its ability to provide reasonably 

accurate failure analysis and forecasts with extremely small data samples [16]. Depending on 

the data set, it is described by either the standard Weibull, the three-parameter Weibull or the 

mixed Weibull distribution [18]. 

The first indication on the nature of how the data set is distributed can be illustrated quickly by 

the Weibull probability plot on a log-log scale. It is, however, important to ensure that the data 

can indeed be described by the Weibull distribution. To achieve this, the data set must further 

undergo a goodness-of-fit (GOF) test, with the Anderson–Darling GOF test being used most 

widely. 

Ultimately, if the data set follows a straight line and the GOF test is conducted successfully, 

the Weibull analysis can be implemented. From this, multiple Weibull-related functions can be 

used in conjunction with quantile analysis to attempt failure prediction. 

CROW-AMSAA (NHPP) 

In 1964 Duane published an article that described the failure data of different systems during 

their development programmes. It was found that the log-log plot of the cumulative mean time 

between failures (MTBF) versus the cumulative operating time followed a straight line. Based 
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on this observation, Duane developed a two-parameter model to predict the expected 

reliability growth in an equipment development programme [19], [20]. 

Following this research, Crow noted in 1974 that the Duane model can be represented 

stochastically by the Weibull process. This allowed for statistical procedures to be used in the 

application of this model in reliability growth. Consequently, this method is presently known as 

the Crow-AMSAA (NHPP) model [20], [21]. 

The Crow-AMSAA (NHPP) model mainly involves reliability growth plots and modelling 

repairable systems, which are useful for mixed failure modes [22]. To apply the Crow-AMSAA 

(NHPP) model successfully, however, requires the historical failure events to be dependent 

and not identically distributed, which typically involves human interaction [20], [23]. 

With the data set in the correct format, the maximum likelihood estimation is used to estimate 

the Crow-AMSAA (NHPP) parameters. Afterwards, the Cramér–Von Mises (CVM) GOF test 

must be applied to the data set with confidence bounds using the Fisher Matrix. Thereafter, 

the final model is integrated into existing maintenance strategies to produce a proactive 

framework. Consequently, equipment reliability can be improved and operational costs can be 

reduced. Therefore, it is important to simplify the process of failure prediction and to produce 

a generic failure prediction model that can adapt to limited data sets. 

1.2 STUDY MOTIVATION 

The current economic state of the mining industry is following a downward trend. Rapidly rising 

costs, controllable or not, keep eroding the profitability in this sector. The mining industry is 

extremely competitive by nature; therefore, it must stay ahead of the competition. Furthermore, 

due to the increase in equipment complexity in design, operation and maintenance, the need 

for maximum reliability continues. It is thus imperative to delve into the reliability engineering 

world and apply techniques studied and developed over the last 70 years. 

Proper maintenance strategies are required to achieve maximum system reliability. Predictive 

or proactive maintenance strategies have the ability to do so, but these strategies are currently 

lacking in the mining sector due to various factors. Presently, condition monitoring is being 

used widely in the mining industry but lacks forecasting capabilities. It is, therefore, essential 

to use the available tools in conjunction with the extensive reliability research to produce a 

more reliable system. 

It is evident from literature that a need exists to improve current maintenance strategies and 

to maximise system reliability. Therefore, a unique combination of Weibull models, conditional 

distributions, quantile analysis, and the Crow-AMSAA (NHPP) model was used to develop a 
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simplified, yet comprehensive failure prediction model. This model can be integrated into 

existing maintenance strategies to produce a proactive framework. 

1.3 NOVEL CONTRIBUTIONS 

The research conducted in this thesis adds beneficial impact to the current maintenance 

strategies to produce a proactive framework. For each article, the results are described in 

terms of what it means for the industry and its contribution. 

1.3.1  Current maintenance strategies (How is maintenance done?) 

Currently, maintenance strategies are primarily driven by condition monitoring and cyclic 

planning by maintenance planners. Therefore, maintenance is scheduled periodically based 

on the planner’s experience and historical failure data. This data is processed into work orders 

that are displayed and managed by a computerised maintenance management system. 

Consequently, unplanned maintenance is conducted on a reactive basis as equipment fails, 

is repaired, and is put in back into service. 

1.3.2  Limitations (Why are the current methods insufficient?) 

Although current maintenance strategies provide the ability to manage equipment repairs 

periodically and reactively, unplanned failures are unaccounted for. As a result, equipment 

reliability is neglected and cannot be optimised accordingly. More so, these methods lack 

forecasting capabilities and, evidently, are incapable of optimising system reliability. 

In addition, the lack of proper and descriptive equipment failure information is prominent in the 

mining industry, with some data samples containing only running hours or the date of failure. 

This limits the capability of condition-based models to make predictions, as they require a lot 

of field data that represents a high number of dimensions. As a result, there is no practical 

method for evaluating and modelling simplistic data sets in context of failure prediction. 

1.3.3  Solution (What is needed?) 

There is a need for assessing and optimising equipment reliability. Literature has shown that 

reliability engineering tools, which have been studied extensively in other industries, can be 

used in the mining industry. Most importantly, finding the right combination of these models 

can provide the ability to leverage each individual characteristic to simplify a complex problem, 

which opens the possibility to make accurate predictions with limited data. Therefore, 

introducing these tools into the current maintenance strategies in the mining industry can 

produce a proactive framework capable of optimising system reliability. Most importantly, 

these tools mainly involve failure prediction, which is, therefore, the main focus of solving this 

problem by uniquely combining them. 
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1.3.4  Contributions (How is it solved?) 

In Article I, a practical and generic failure prediction model was developed from a unique 

combination of reliability engineering tools based on small data samples in context of 

unplanned failures of mine dewatering pumps. This model was validated on four different 

pumps operating on four different levels underground. The highlights from Article I include: 

1. A unique combination of reliability engineering tools was used to develop a generic 

and practical failure prediction model. This model is extremely flexible; therefore, it 

is applicable to any equipment or machinery in the mining industry that adheres to 

the model constraints. 

2. The novel failure prediction model can be used to determine the optimum 

replacement time of a dewatering pump in context of the current failure pattern. 

3. A unique correlation between the pump operating depth and its characteristic life 

was formulated from the failure prediction model outputs. 

In Article II, the newly developed failure prediction model was adapted to be applicable to 

highly reliable systems, which in this case was a typical mine compressor. A unique 

adjustment algorithm was integrated into the existing model to enable dynamic parameter 

adjustment based on the current compressor age and failure patterns. This model was applied 

to four different compressors operating at two different compressor houses. The highlights 

from Article II include: 

4. The novel failure prediction model can be used to predict the next component 

breakdown based on the current survival age of the compressor. 

5. A unique correlation between the number of compressor start-ups and its 

characteristic life was formulated from the failure prediction model outputs. 

In Article III, the newly developed failure prediction model was improved by introducing multi-

failure mode handling. This was achieved by leveraging the ability of the Crow-AMSAA 

(NHPP) model to predict the number of failures (NOF) of repairable systems. The model was 

applied to a scraper winch system and its sub-components. The highlight from Article III 

includes: 
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6. The novel failure prediction model can be used to predict sub-component failure, 

which enables the optimisation of spare part allocation and smarter asset 

management. 
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2. LITERATURE SURVEY 

2.1 PREAMBLE 

The literature survey is structured to highlight the significance of each research question, 

which is satisfied by the novel contributions of the appended articles. 

Firstly, a brief overview of equipment life cycle is provided to highlight the need for assessing 

reliability within this context. Secondly, prominence is given to correlation between failure 

prediction and how it can be used to improve current maintenance strategies through reliability 

models. 

Secondly, literature is provided on mine dewatering systems, compressed air systems, and 

scraper winch systems with emphasis on their sub-components, which include mine 

dewatering pumps, compressors and scraper winches. For each of these sub-components, 

research was conducted on both their functional and economic impact on mining operations 

to highlight the importance of failure prediction. 

Ultimately, a generic failure prediction model was developed from literature, which can be 

applied to any equipment adhering to the model constraints. This model can be integrated into 

existing maintenance strategies to produce a proactive framework. 

Article I (Appendix B) presents the application of this model on mine dewatering pumps. 

Article II (Appendix C) presents the application of this model on mine compressors. 

Article III (Appendix D) presents the application of this model on mine scraper winches. 
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2.2 EQUIPMENT LIFE CYCLE AND RELIABILITY 

The life cycle of equipment exemplifies various time-connected phases that it goes through, 

from creation to disposal [24]. During this life cycle, various elements contribute to the total 

costs of maintaining running status. These costs include but are not limited to: installation and 

commissioning, operation, support, maintenance and disposal [24]. The sum of all these costs 

is defined as the life cycle cost (LCC), see Figure 3. 

 

Figure 3: Detailed LCC requirements (adapted from [25]) 

Comparing LCCs yields smarter decision-making on the lowest long-term cost of ownership 

using a single estimator, which is called the net present value [25]. The net present value 

requires information about when and how much maintenance/replacement costs will be 

incurred [25]. To obtain this information, time and modes for equipment failure are required 

through reliability technology, which has been developed over the past 70 years [25]. 

Using actual failure and repair time data through reliability models gives system availability, 

reliability, maintainability and other operating system details [25]. These system concepts are 

the foundation on which the lifetime of a component is characterised [26]. Ultimately, costs 

and trade-offs are constructed from this information to improve decision-making [27]. 
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2.3 NEED FOR ASSESSING RELIABILITY 

Knowledge about time to failure is obtained through reliability technology [28]. Reliability 

engineering has the ability to provide both theoretical and practical tools [29]. These tools can 

ultimately specify the probability and capability of parts, components, products, and systems 

to perform their required functions in specific environments [29]. Today’s engineering systems 

have become increasingly complex to be designed and built while the demand for reliability 

continues [30]. 

Various studies have involved reliability analyses in industrial fields based on the evolution of 

the failure rate [26]. Evidently, this tool is crucial for equipment behaviour characterisation in 

different lifetime phases [26]. Due to the lack of proper maintenance records and failure data, 

most equipment must be analysed using small samples [28]. Fortunately, practical reliability 

tools, Weibull models and the Crow-AMSAA model can be used to provide reasonably 

accurate failure analysis and forecasts [17], [28], [31]. 

Proper maintenance strategies are required to achieve maximum reliability. Both maintenance 

and reliability have roots in each other’s territory [28]. Ultimately, optimising maintenance 

methods will yield increased system reliability. One method for strategically optimising the 

maintenance and operation is measuring the system mean time between failures [32]. 

Furthermore, using predictive maintenance has proven to be effective and beneficial for 

achieving adequate system reliability [33]. 

1Predictive maintenance strategies primarily involve condition monitoring, which includes 

vibration analysis, oil analysis, acoustic analysis, motor current signature analysis, and 

infrared thermography [33]. In conjunction with forecasting models, current predictive 

maintenance strategies can be remodelled into a proactive framework. Furthermore, these 

models have to align well with random failure patterns [34], [35]. 

As mentioned, to attempt failure prediction, condition-based models require a lot of field data, 

consequently, resulting in reliability models to make predictions with data that represent a 

higher number of dimensions. In the mining industry, obtaining this level of data is mostly not 

possible. Furthermore, using a unique combination of existing reliability engineering 

techniques to simplify a complex problem, while maintaining an acceptable level of accuracy 

has not yet been achieved. 

  

 
1 Paragraph excerpted from Articles 
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Therefore, a unique combination of these models was used in the development of a new 

practical failure prediction model [36], which include; 

• Standard Weibull models – very efficient in handling single failure modes and make 

accurate predictions with small data samples. 

• Conditional Weibull distributions and derivatives thereof – provides the ability to 

make future predictions based on the current age of the equipment considering the 

minimum achievable reliability. 

• Quantile analyses – provided that failure patterns change over time, quantile analysis 

makes it possible to identify shifts in data distributions, which enables proactive 

parameter adjustment to enable the model to follow changing failure patterns. 

• Crow-AMSAA (NHPP) model - mainly involves reliability growth plots and modelling 

repairable systems. The reliability growth plots are useful for mixed failure modes. 

Furthermore, this model is ideal for historical failure events, which typically involves 

human interaction. 

Considering that each of these reliability tools have been studied extensively in their separate 

applications, the combination thereof on a single application, have been overlooked. In this 

study, this was achieved by combining these tools such that their individual characteristics 

could be leveraged to simplify a complex problem with limited data. 

The growing international competitiveness has increased the need for all engineers and 

designers to ensure a high level of reliability and quality [30]. It is therefore essential to use 

the available tools in conjunction with the extensive reliability research to produce a more 

reliable system. 

Research question 1: 

Considering the lack of proper data and maintenance records, can reliability engineering tools be 

used to optimise existing maintenance strategies of critical mine machinery? 
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2.4 MINE DEWATERING SYSTEMS 

A typical deep-level mine requires a water reticulation network to supply water to critical mining 

equipment, which includes rock drills, dust suppression systems and underground cooling 

equipment, to name a few [37]. Although these components typically have different demand 

requirements, they jointly contribute to the total water consumption of the mine. The total water 

consumption has an approximate proportional relationship regarding the production 

performance, see Figure 4 [38]. It is thus imperative to maintain a proper supply of water to 

the production mining blocks.  

 

Figure 4: Water consumption vs. mine production (adapted from [39]) 

Various methods exist for supplying water to different areas within a mine. Firstly, the water is 

gravity-fed from surface to an underground dam with arbitrary depth. The distance between 

underground dams on different levels can reach depths in excess of 800 m [39]. Due to the 

extensive mining depths, the water pressure in the pipe network can reach significant 

figures [40]. To mitigate this problem, various components such as cascading dams, Pelton 

turbines or pressure-release valves are added to the dewatering system [40]. 

Ultimately, after all service, cooling and fissure water has accumulated, it needs to be removed 

from underground. The waste water can be corrosive and sometimes contain high contents of 

suspended solids [41]. Consequently, this water is not suitable to be pumped and must be 

sent through some kind of extraction process. Underground settlers, which are widely used in 

extraction processes, are used to separate the mud particles from the water [39], [42]. 

As the water enters the settler, flocculant is added, which promotes the clumping of particles 

and causes the mud to sink to the bottom [39]. The clear, cleaner water at the surface of the 

settler is channelled to an underground clear water dam [39]. These dams come in many 

different shapes and sizes. However, due to specific pump suction pressure requirements, 
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high, cylindrical-type dams are typically used [37]. A pumping station on the delivery side of 

these dams extracts the water in a cascading manner back to surface, see Figure 5. 

 

Figure 5: Typical mine water reticulation network 

The number and size of pumps and pumping stations depend on the mine depth and 

dewatering requirements. The pumps must pump water from below the surface at pumping 

heads in excess of 800 m [39], [43]. Multistage centrifugal pumps are used due to the 

excessive pumping heads [37]. 

2These multistage centrifugal pumps are exposed to extreme operating conditions, which 

result in unacceptably short service lives [41]. Demanding conditions cause the pump to build 

up pressure as a result of suction or delivery valves not operating correctly [44]. This causes 

premature balance disc failure and balance disc wear ring replacements [41]. 
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Generally, centrifugal pumps rank first in failure incidents and maintenance costs [45]. The 

maintenance costs typically contribute 21% to the total pump LCC, see Figure 6 [45]. 

Unexpected downtime and the consequent loss of production is a significant element in the 

total LCC and can rival the energy costs and replacement parts costs in its impact [46], [47]. 

 

Figure 6: Typical pump LCC breakdown (adapted from [45]) 

The LCC of repairable equipment depends on its reliability and availability [48]. Repairable 

equipment, in this case dewatering pumps, is typically replaced or restored upon failure. The 

reason and timing to repair a failure depend on a pump’s reliability and maintainability [48]. 

Since these failures are random and unexpected due to rigorous operating conditions, they 

have a direct impact on the LCC [48]. 

The replacement of major pump components, regardless of the cause of failure, is often a 

significant contributor to the LCC of a pump [49]. A typical rotating assembly replacement can 

equate to 70% of the total replacement cost [49]. Various condition monitoring techniques are 

used to protect a pump against premature failure and/or to optimise pump system efficiency 

[50]. However, these techniques lack failure forecasting capabilities; reliability tools are 

required for predicting failures and finding cost-effective alternatives [51]. 

Research question 2: 

Will a novel failure prediction model be able to provide the optimum pump replacement time in 

context of the LCC with small data samples? 
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2.5 MINE COMPRESSED AIR SYSTEMS 

3A typical deep-level mine requires a compressed air network to supply compressed air to 

critical mining equipment. This network can either function as a standalone or ring-feed system 

[52]. A standalone system typically comprises a single compressor house containing a 

combination of different compressors. A ring-feed system is a bit more complex and comprises 

multiple compressor houses – each containing a combination of different compressors [52]. 

Regardless of the compressed air network configuration, it is imperative for these systems to 

maintain a continuous supply of compressed air. The primary compressed air consumers are 

typically distributed from surface to the deepest level underground. Surface consumers are 

mainly processing plants, which require an average pressure between 420 kPa and 500 kPa 

[53]. However, some of the plants have standalone compressors that can be isolated from the 

main compressed air supply network through simple valve control. 

Nevertheless, the largest compressed air consumers are located underground. The 

underground compressed air pipe network is a convoluted system consisting of many sub-

components, including amongst others, rock drills, loading boxes, loaders, hoppers, refuge 

bays, and agitation systems [53]. The pipe network used to distribute the compressed air to 

the different components is typically up to eight kilometres away from the surface compressed 

air connection [54]. Figure 7 illustrates a typical compressed air network. 

 

Figure 7: Typical ring-feed compressed air reticulation network 
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Due to the extreme distances and many other factors, these networks are regarded as one of 

the most inefficient and energy intensive systems [54], [55]. The overall efficiency can be as 

low as 2% when taking all possible leaks, pipe losses, drill efficiency and the compressor 

efficiency into account [55]. Figure 8 illustrates the top view of a typical deep-level mine in 

which each tunnel is equipped with compressed air infrastructure. 

 

Figure 8: Typical deep-level mine underground reticulation network – Top view 

Mine compressors are commonly classified as either positive displacement or dynamic 

compressors [54]. The mine compressors assessed in this study are all dynamic integrally 

geared centrifugal compressors, see Figure 9. 

 

Figure 9: Multistage integrally geared centrifugal compressor (adapted from [56]) 
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Integrally geared centrifugal compressors can achieve high efficiencies but are subjected to 

complicated mechanical interactions [56]. The configuration of these compressors is either 

single stage or multistage [56]. Integrally geared centrifugal compressors have been used in 

a wide range of applications in the process industry, which include compressors operating 

purely on air and countless other gases [56]. 

On a mine, compressors are required to operate continuously over a long period [57]. 

Evidently, these compressors are regarded as critical machinery and are both expensive and 

highly reliable. In some cases, compressors have operated successfully for more than 

40 years without any complete loss of the system [13]. However, with any system it is essential 

to avoid the cost of unplanned component failures. Overhauling such a compressor costs 

between $150 000 and $200 000, depending on the nature and size of failure [13]. Figure 10 

shows the LCC distribution of a typical centrifugal compressor. 

 

Figure 10: Typical centrifugal compressor LCC breakdown (adapted from [58]) 

Due to integrally geared centrifugal compressors being extremely reliable, the energy 

consumed by these machines is the biggest contributor to the total LCC, refer to Figure 10 

[58]. Although the energy costs are more than the other costs involved, avoiding equipment 

failure is still an issue. Unplanned downtime can result in massive system implications and 

most probably yield substantial loss in production. 

 

  

Maintenance, 
10% Initial 

investment, 
10%

Energy, 
80%

Research question 3: 

Can a novel failure prediction model be used to determine the next component breakdown based 

on the current age of the compressor to ensure the lowest possible LCC based on the current 

failure pattern? 
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2.6 MINE SCRAPER WINCH SYSTEMS 

In the conventional narrow reef-mining environment, the ore-bearing rock movement process 

consists of three stages: rock face to strike gully; strike gully to centre gully; and centre gully 

to ore pass [59]. Stoping operations generally take place at dips between 20° and 45° [60]. 

More so, ore-bearing rock lying in this zone typically has no natural tendency to move. 

Therefore, mechanically aided cleaning methods are required, which primarily involve scraper 

winches. 

This is the most widely used method in conventional mining and will remain the primary 

cleaning method despite the introduction of mechanisation [59]. Furthermore, using scraper 

winches is a cost-effective and practical cleaning method that requires low capital expenditure 

and maintenance costs [61]. Figure 11 shows a simplified layout of a conventional narrow 

reef-mining environment using a scraper winch system. 

 

Figure 11: Conventional stope layout depicting a scraper winch system (adapted from [59]) 

Figure 11 shows that rock faces are commonly divided into panels of approximately 40 m in 

length, with the strike gullies separating the different panels. Ore-bearing rock is broken from 

the face by drilling and blasting and is confined to the immediate area. The blasted ore-bearing 

rock is scraped into the strike gullies. From there, other scraper winches move it away from 

the face to the centre gully and, finally, to the ore passes. 
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It usually takes a full shift to clear the bulk of the broken rock. Interruption or delay can prevent 

the completion of sequential operations before blasting time, which can lead to a missed shift 

and ultimately production loss [62]. Therefore, the scraper winch system is one of the most 

important components in the ore-extraction process. 

Large gold-mining operations with multiple active shafts have up to 1000 scraper winches in 

operation at any one time [63]. Considering this and the fact that scraper winches do not last 

more than four to six months, potential production losses are evident. Therefore, if unplanned 

failures occur and the underground ore storage cannot be controlled between acceptable 

limits, up to three full working shifts can be lost [63], [64]. Figure 12 shows a typical scraper 

winch. 

 

 

 

Figure 12: (A) Raise/winze scoop arrangement and (B) Typical full timber winch barricade setup 

A scraper winch primarily consists of a mechanical winch powered by a squirrel cage induction 

motor [63]. The mechanical winch typically has two ropes/cables connected to a gully scoop 

with a driving mechanism. This mechanism consists of two drums with a clutch system that, 

when engaged, causes the planetary gears to turn the drum and wind the rope/cable. The pull 

rope drags the full scoop to the tipping point and the tail rope returns the empty scoop. 

There are many types and sizes of scoop; however, the maximum width is governed by the 

width of the stope strike gully, which is typically 1.5 m. The most widely used type of scoop is 

a hoe-type scoop, which delivers the best overall performance and cleaning rates in the ore-

extraction process [65]. 

The cleaning rate is determined by various factors such as: personnel, material sharing, delays 

caused by material handling, mechanical breakdowns, or repositioning of cleaning equipment 

[59]. More so, the number of trips per hour during the cleaning process is determined by the 

following [59]: 

• Time required to fill a scoop as well as its travelling speed (m/s) 
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• The average travelling distance for each trip, which includes the reversal distance (m) 

• Time required to unload material at the grizzly/ore pass 

• The overall availability and efficiency of the scraper winch 

Every factor that contributes to the cleaning rate affects the overall performance of the ore-

extraction process, which further emphasises the importance of the optimisation thereof. 

Evidently, most operational costs are influenced by how efficiently these activities are carried 

out in the stope areas, see Figure 13 below. 

 

Figure 13: Distribution of activity-based costs for narrow reef mining (adapted from [66]) 

From Figure 13 it is evident that stoping contributes to the bulk of the operational costs. 

Therefore, minimising these costs should be prioritised to achieve a maximum rate of face 

advance and increase productivity. Ultimately, it has become inescapable to optimise and 

improve the determining factors, especially the mechanical breakdowns and availability of 

scraper winches, to reduce the overall costs. 

Research question 4: 

Can a novel failure prediction model be used to prioritise sub-component failure of scraper winches 

in the context of spare part allocation, which could result in smarter asset management and 

increased availability? 
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2.7 MODEL DEVELOPMENT 

The use of mathematical models has been widely adopted across different disciplines to solve 

real-world problems [18]. Solving these problems requires an in-depth understanding of the 

underlying parameters to model a given data set accurately.  

Mathematical modelling is classified into two categories, namely theory-based modelling and 

empirical modelling. 

• Theory-based modelling. Modelling is based primarily on established theories for 

component failures. This type of modelling is also known as a physics-based model or 

white-box model [18]. 

• Empirical modelling. Modelling is based on failure data and does not require an 

understanding of the underlying mechanisms involved. These models are also known 

as a data-dependent model or black-box model [18]. 

Empirical modelling involves the following five steps [18]: 

1. Data collection 

2. Data analysis 

3. Model selection 

4. Parameter estimation 

5. Model validation 

Weibull model 

Weibull models are data dependent; hence, they adopt an empirical model structure. A variety 

of Weibull models have been derived from the original two-parameter Weibull distribution, 

which is classified into seven different groups (Types I–VII) [18]. However, the main focus of 

this study was to use the standard two-parameter Weibull distribution as it has been used 

extensively to model failure times. 

The two-parameter Weibull distribution function can be described by the following equation: 

𝐹(𝑡) = 1 − 𝑒
−(

𝑡

𝜂
)
𝛽

, 𝑡 ≥ 0 (1) 

where 𝑡 is the failure time, and 𝛽 and 𝜂 are the shape and scale parameters, respectively. 

𝐹(𝑡) thus defines the cumulative fraction of a group of parts that will fail by time 𝑡 [67]. 𝛽 < 1 

indicates infant mortality, 𝛽 = 1 indicates random failures, and 𝛽 > 1 indicates wear-out 

failures [31]. 
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4It is important to note that the Weibull analysis can only be applied if the data set can be 

described by the Weibull distribution. If the data follows a straight line on either the Weibull 

paper or the Weibull probability plot, approximations can be made by the two-parameter 

Weibull distribution [67]. 

Crow-AMSAA (NHPP) 

Although the Crow-AMSAA model is also data dependent, it requires the historical events to 

be identical and statistically independent. Furthermore, this model is designed for reliability 

growth and the tracking thereof [20]. The Crow-AMSAA model assumes that the rate of 

occurrence of failure follows a power function of time and describes the cumulative NOF up to 

a certain time 𝑡, which follows a Poisson distribution. Plotting the cumulative NOF against the 

cumulative time on a log-log scale normally produces a straight line with slope 𝛽 [68], [69]. 

The intensity function 𝜆(𝑡) can be described by 

𝜆(𝑡) = 𝜆𝛽𝑡𝛽−1 (2) 

To determine the expected NOF from 𝑡1 to 𝑡2, the integral of equation (2) will give 

𝐸[𝑁(𝛥𝑡)] = ∫ 𝜆(𝑡)𝑑𝑡
𝑡2
𝑡1

=  𝜆𝑡2
𝛽
− 𝜆𝑡1

𝛽
 (3) 

where 𝛽 < 1 indicates a slower failure rate, 𝛽 > 1 indicates a faster failure rate, and 𝛽 ≈ 1 

indicates no improvement or deterioration. 

2.7.1  Data collection 

5Weibull distribution 

It is important to present the data in the correct format. Therefore, the data must firstly be 

grouped in increasing order of time to failure in either cumulative or non-cumulative form. 

Thereafter, it is possible to calculate the failure probabilities using the Bernard’s approximation 

[29], [67], [70]. 

F̃i =
i−0.3

n+0.4
 ≈ F(t) (4) 

where i is the observed value and n the sample size. 

The next step is to prepare the data for the Weibull probability plot, which must be presented 

in a double logarithmic scale using the following equations [67]: 

y = ln {ln [1/(1 − F(t))]}  (5) 
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x = ln (t) (6) 

Table 1 represents the data preparation according to the above-mentioned criteria. 

Table 1: Weibull probability plot data preparation requirements (adapted from Article I) 

t F(t) x = ln (t) y = ln {ln [1/(1 − F(t))]} 

ti
⋮
tn

 

F(ti) 
⋮

F(tn)
 

xi
⋮
xn

 

yi 
⋮
yn

 

 

Finally, the data is represented graphically by the Weibull probability plot, which is the first 

visual indication of how well the Weibull distribution fits the data. As mentioned, this distribution 

is a two-parameter, a three-parameter or a mixed Weibull distribution, assuming the data can 

be described by the Weibull distribution. 

Crow-AMSAA (NHPP) 

The data collection and preparation requirements for the Crow-AMSAA (NHHP) model are a 

trivial exercise. The actual failure data is presented in either continuous or discrete formats, 

depending on the analysis requirements [20]. In this study, failure times are represented 

cumulatively in an increasing order; hence, the continuous format was adopted. 

2.7.2  Parameter estimation 

6Weibull distribution 

Various methods can be used to estimate the parameters of the Weibull distribution.  These 

methods have been studied extensively and include, but are not limited to, the graphical 

procedure and analytical procedures [71], [72], [73], [74]. Analytical procedures include 

methods such as the maximum likelihood estimation, method of moments, and the least 

squares method [71]. However, the graphical procedure is the most practical and easiest 

method. It mainly involves the linearisation of the unreliability function of the two-parameter 

Weibull distribution to produce a straight line in the form: 

𝑦 = 𝑚𝑥 + 𝑐 (7) 

where 𝑦 =  ln (ln (
1

1−F(t)
) ), m =  β, x = ln (t), and c =  −β ln(η) 

Introducing the above equations into equation (8) gives 

ln (ln (
1

1−F(t)
) ) = β ln(t) − β ln(η) (8) 

The shape parameter can now be calculated by determining the slope of the regression line, 

which is described by the following equation: 
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β =
∑(x−x̅)(y−y̅)

∑(x−x̅)2
   (9) 

where 𝑥̅ and 𝑦̅ are the average values. 

Finally, the scale parameter can be calculated from the intercept of the regression line 

c = y̅ −  βx̅ =  −βln (η)  (10) 

η = e
βx̅−y̅

β  (11) 

7Crow-AMSAA (NHPP) 

Similar to the Weibull models, the parameters of the Crow-AMSAA (NHPP) model must also 

be estimated. Most commonly, the maximum likelihood estimation is used to estimate the 

parameters. The parameter estimates are given by 

𝜆̂ =
∑ 𝑁𝑞
𝑘
𝑞=1

∑ (𝑇𝑞
𝛽̂
−𝑆𝑞

𝛽̂
)𝑘

𝑞=1

 (12) 

𝛽̂ =
∑ 𝑁𝑞
𝑘
𝑞=1

𝜆̂ ∑ (𝑇𝑞
𝛽̂
𝑙𝑛𝑇𝑞−𝑆𝑞

𝛽̂
𝑙𝑛𝑆𝑞)

𝑘
𝑞=1 −∑ ∑ 𝑙𝑛𝑋𝑖𝑞

𝑁𝑞
𝑖=1

𝑘
𝑞=1

 (13) 

where 𝑘 is the number of systems under analysis, 𝑞 the observed system, 𝑁𝑞 the NOF of the 

observed system, 𝑆𝑞 the starting time of the observed system, 𝑇𝑞 the end time of the observed 

system, and 𝑋𝑖𝑞 the age of the 𝑖𝑡ℎ occurrence of failure with 𝑖 = [1,… ,𝑁𝑞]. 

Generally, these equations cannot be solved for explicitly. Therefore, packages in SciPy, a 

Python-based ecosystem of open-source software for mathematics, science, and engineering, 

were used to achieve this. 

2.7.3  Data set suitability 

8Weibull distribution 

It is crucial to test how well the data set fits the distribution. There are numerous families of 

GOF tests for the Weibull distribution. These tests include tests based on the Weibull 

probability plot, empirical distribution function, normalised spacings, and Laplace transform 

[75]. 

In the GOF tests of the Weibull distribution for component failure, tests based on the empirical 

distribution function will be considered to validate the assumption that the data does indeed 

follow the Weibull distribution. One of these tests is known as the Anderson–Darling GOF test, 

which is designed for small data samples [76]. 
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The primary objective of the Anderson–Darling GOF test is to determine the observed 

significance level or probability value. The observed significance level is the smallest 

significance level at which the null hypothesis (H0) can be rejected [77]. Therefore, a decision 

can be made to either reject or accept H0. 

Firstly, there is the Anderson–Darling (AD) statistic, 

AD = [∑ (
1−2i

n
{ln(1 − e−Zi) − Zn+1−i})

n
i=1 − n] (14) 

where Zi = (
ti

η
)
β
, 

let ki =
1−2i

n
{ln(1 − e−Zi) − Zn+1−i} (15) 

The above equations are used to iterate through each time step and finally present the 

Anderson–Darling value, which is described in Table 2. 

Table 2: Anderson–Darling GOF test for the Weibull distribution (adapted from Article I) 

i. t Z(i) Z(n+1−i) k
= ln {ln [1/(1
− F(t))]} 

AD 

1
⋮
n

 
ti
⋮
tn
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⋮
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Zn+1−i 
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Z1

 

ki 
⋮
kn

 ∑ki

n

i=1

 

After Table 2 has been completed, the Anderson–Darling GOF statistic for small samples 

needs to be adjusted, 

AD∗ = (1 +
0.2

√n
)AD (16) 

Thereafter, the observed significance level (OSL) parameter is calculated, 

OSL = 1/{1 + e−0.1+1.24 ln(AD
∗)+4.48(AD∗)} (17) 

The following criteria are used as the decision rule based on the observed significance level 

value [77]: 

reject H0 if OSL ≤  α 

do not reject H0 if OSL >  α 

If α = 0.05 is selected, it implies that if the Weibull distribution assumption (H0) is rejected, the 

error committed is less than 5% [76], [77]. 

9Crow-AMSAA (NHPP) 

It is further crucial to test the compatibility of the Crow-AMSAA (NHPP) model and data by 

applying a statistical GOF test. Since the starting time for each system in this study is zero, 

the CVM GOF test will be considered. Furthermore, the CVM GOF test requires the failure 

 
9 Section excepted from Articles 
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data to be completed over a continuous interval [0, 𝑇𝑞] with successive failure times 

[0, 𝑋_(1, 𝑞) < 𝑋_(2, 𝑞) < ⋯ < 𝑋_(𝑁_𝑞, 𝑞) ≤ 𝑇_𝑞, (𝑞 = 1,… , 𝑘)]. 

Crow’s step-by-step procedure is used as follows (adapted from Article III) [69]: 

1. Specify if the data set is failure terminated (𝑋𝑁𝑞,𝑞 = 𝑇𝑞) or time terminated (𝑋𝑞,𝑞 < 𝑇𝑞) 

Let 𝑀 = ∑ 𝑀𝑞
𝑘
𝑞=1 , 𝑀𝑞 = {

𝑁𝑞 − 1 If failure terminated 

𝑁𝑞  If time terminated 
} (18) 

2. Divide each successive failure time by the corresponding end time 𝑇𝑞 

𝑌𝑖𝑞 =
𝑋𝑖𝑞

𝑇𝑞
, 𝑖 = 1,… ,𝑀𝑞 , (𝑞 = 1,… , 𝑘) (19) 

3. Calculate 𝛽̅, the unbiased estimate of 𝛽𝐶 

𝛽̅ =
𝑀−1

∑ ∑ ln(
𝑇𝑞

𝑋𝑖𝑞
)

𝑀𝑞
𝑖=1

𝑘
𝑞=1

 (20) 

4. Treat the 𝑀 𝑌𝑖𝑞′𝑠 as one group and order them in descending format [𝑍1 < 𝑍2 < ⋯ < 𝑍𝑀] 

5. Calculate the CVM statistic 𝐶𝑀
2  

𝐶𝑀
2 =

1

12𝑀
+∑ (𝑍𝑗

𝛽̅
−
2𝑗−1

2𝑀
)
2

𝑀
𝑗=1  (21) 

6. Determine the critical value from the desired significance level and corresponding 𝑀 value 

from Table 3 

Table 3: Critical values for CVM GOF test (Adapted from [69] and Article III) 

M 
Significance level 

0.20 0.15 0.10 0.05 0.01 

2 0.138 0.149 0.162 0.175 0.186 

3 0.121 0.135 0.154 0.184 0.230 

4 0.121 0.134 0.155 0.191 0.280 

5 0.121 0.137 0.160 0.199 0.300 

6 0.123 0.139 0.162 0.204 0.310 

7 0.124 0.140 0.165 0.208 0.320 

8 0.124 0.141 0.165 0.210 0.320 

9 0.125 0.142 0.167 0.212 0.320 

10 0.125 0.142 0.167 0.212 0.320 

11 0.126 0.143 0.169 0.214 0.320 

12 0.126 0.144 0.169 0.214 0.320 

13 0.126 0.144 0.169 0.214 0.330 

14 0.126 0.144 0.169 0.214 0.330 

15 0.126 0.144 0.169 0.215 0.330 

16 0.127 0.145 0.171 0.216 0.330 

17 0.127 0.145 0.171 0.217 0.330 

18 0.127 0.146 0.171 0.217 0.330 

19 0.127 0.146 0.171 0.217 0.330 

20 0.128 0.146 0.172 0.217 0.330 

30 0.128 0.146 0.172 0.218 0.330 

60 0.128 0.147 0.173 0.220 0.330 

100 0.129 0.147 0.173 0.220 0.340 
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7. If 𝐶𝑀
2  < critical value, then the hypothesis is accepted that the failure times for the 𝑘 systems 

follow a NHPP with intensity function 𝜆(𝑡) = 𝜆𝛽𝑡𝛽−1 

2.7.4  Failure prediction 

Overview 

10Predicting the expected NOF or the next failure of a component at a given current age 

involves conditional failure probabilities [78]. Thus, if the goal is to predict the time to failure of 

a component from a specified current age, the probability of failure will disperse into a 

collection of values within the probability domain. This is also known as the percentile life, 

which is a critical property of the Weibull distribution and which can also be referred to as the 

B-life [79]. 

Extensive research has been conducted in the appended articles (Appendix B, C and D). 

Therefore, only a brief overview is given on how the failure prediction was applied. In 

summary, a failure prediction was made based on the current age of the equipment. From 

this, a band of most probable failures was produced containing an upper and lower limit [36], 

[80]. 

Upper limit 

The B-life until failure is determined by using the original estimated Weibull parameters and a 

specified current survival age. The B-life value represents the corresponding reliability at a 

specific survival age, which can also represent the maximum reliability parameter for the 

specified percentile life. The B-life of the specific component is calculated using the conditional 

life equation [78], 

LifeB = η{ln [
1

(1−P)exp(−(
currentage

η
)
β

)

]}

1

β

 (22) 

where P = [0.10,… , 0.99] 

11Lower limit 

The lower limit B-life of the component is determined from the conditional reliability lower 

bound. The procedure for computing the conditional reliability lower bound is rather complex 

and involves various mathematical models and theorems. Huang proposed a procedure for 

computing the conditional reliability lower bound without estimating the shape (β) parameter 

 
10 Paragraph excerpted from Articles 
11 Section excerpted from Articles 
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of the Weibull distribution [81]. This procedure is used to determine the minimum conditional 

reliability starting with the following equation, 

R̂c(β0) = exp [−
χ90,2
2 {Tβ0−(T−t0)

β0}

∑ t
i
β0

] (23) 

where χ90,2
2  is the chi-squared statistic with 90% confidence level and two degrees of 

freedom, T represents a possible future failure time, t0 the current survival age, and β0 the 

observed shape parameter. 

A mathematical relationship exists between R̂c and β0 such that the function yields a minimum 

at some value of β0 [81]. This value is solved for using Python and represents the minimum 

conditional reliability, which formulates new β and η parameters. 

Once the new β parameter has been determined, a 100γ percent confidence lower bound on 

η can be calculated using the following equation [81], 

η̂ = (
∑ ti

βn
i=1

χ90,2
2 )

1

β

 (24) 

It is then possible to determine the lower limit B-life of the component by plugging the new 

shape and scale parameters into the conditional life equation, refer to equation (20). 

2.7.5  Model verification 

To verify the integrity of the model developed in Python, it was benchmarked against 

constructed and published benchmark problems, see Table 4. 

Table 4: Published and constructed benchmark problems 

Parameter(s) verified Reference 

● Weibull 𝛽 and 𝜂 parameters estimation Published results online [82] 

● Anderson–Darling GOF – OSL Published results online [76] 

● Minimum conditional reliability 𝑅𝑚𝑖𝑛  and 𝛽𝑚𝑖𝑛  Published results online [81] 

● Crow-AMSAA (NHPP) 𝛽𝑐 and 𝜆 parameters estimation 

● Variance-and covariance of 𝛽 and 𝜆 

𝑉𝑎𝑟(𝜆), 𝑉𝑎𝑟(𝛽), 𝐶𝑜𝑣(𝛽, 𝜆) & 𝐶𝑜𝑣(𝛽, 𝜆) 
● Expected number of failures 

𝐸[𝑁(𝛥𝑡)] 

Published results online [83] 

● Cramér-von Mises goodness-of-test 

● CVM statistic - 𝐶2 
Published results online [84] 

● Fisher Matrix confidence bounds 
● Cumulative and instantaneous failure intensity (FI) 

[𝐹𝐼𝑐𝑢𝑚]𝑈, [𝐹𝐼𝑐𝑢𝑚]𝐿 , [𝐹𝐼𝑖𝑛𝑠𝑡]𝑈 & [𝐹𝐼𝑖𝑛𝑠𝑡]𝐿 
● Cumulative and instantaneous MTBF 

[𝑀𝑇𝐵𝐹𝑐𝑢𝑚]𝑈, [𝑀𝑇𝐵𝐹𝑐𝑢𝑚]𝐿 , [𝑀𝑇𝐵𝐹𝑖𝑛𝑠𝑡]𝑈 , [𝑀𝑇𝐵𝐹𝑖𝑛𝑠𝑡]𝐿 

Published results online [20] 
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The numerical methodology in this thesis was verified using published and constructed 

benchmark problems, refer to Table 4. The following Python packages were used in 

conjunction with custom algorithms to achieve the required results. 

• Reliability – a Python library for reliability engineering [85] 

• Numpy - open-source project aiming to enable numerical computing with Python 

• SciPy - open-source Python library used for scientific computing and technical 

computing 

A summary of the benchmark results for the most important parameters used in the numerical 

methodology is shown in Table 5. 

Table 5: Numerical methodology benchmark results 

Parameter Published result Python model result % Error 

𝛽 1.93262 1.93267 <1% 

𝜂 73.5256 73.5260 <1% 

𝑂𝑆𝐿 0.34660 0.34660 0% 

𝑅𝑚𝑖𝑛  0.9951 0.9902 <1% 

𝛽𝑚𝑖𝑛  2.6200 2.6192 <1% 

𝛽𝑐 1.30090 1.30090 0% 

𝜆 0.00520 0.00520 0% 

𝐶2 0.03400 0.03400 0% 

𝑉𝑎𝑟(𝛽) 0.13018 0.13018 0% 

𝑉𝑎𝑟(𝜆) 0.00013 0.00013 0% 

𝐶𝑜𝑣(𝛽, 𝜆) -0.00406 -0.00406 0% 

𝐶𝑜𝑣(𝛽, 𝜆) -0.00406 -0.00406 0% 

𝐸[𝑁(𝛥𝑡)] 8.81850 8.81850 0% 

[𝐹𝐼𝑐𝑢𝑚]𝑈 0.05039 0.05039 0% 

[𝐹𝐼𝑐𝑢𝑚]𝐿 0.02499 0.02499 0% 

[𝐹𝐼𝑖𝑛𝑠𝑡]𝑈 0.03579 0.03579 0% 

[𝐹𝐼𝑖𝑛𝑠𝑡]𝐿 0.01327 0.01327 0% 

[𝑀𝑇𝐵𝐹𝑐𝑢𝑚]𝑈 40.01927 40.01927 0% 

[𝑀𝑇𝐵𝐹𝑐𝑢𝑚]𝐿 19.84581 19.84581 0% 

[𝑀𝑇𝐵𝐹𝑖𝑛𝑠𝑡]𝑈 75.34193 75.34193 0% 

[𝑀𝑇𝐵𝐹𝑖𝑛𝑠𝑡]𝐿 27.94261 27.94261 0% 

From Table 5, it is clear that the numerical methodology, written in Python, can accurately 

reproduce the results from the published problems. 
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2.8 CONCLUSION 

Critical mine services such as dewatering systems, compressed air systems, and scraper 

winch systems are essential for successful and sustainable mining operations. It is thus 

imperative to prioritise reliability optimisation of these systems to ensure that overall system 

availability is maintained to provide safe and sustainable operations. 

The reliability engineering environment and equipment maintenance are fundamentally 

rooted. Thus, proper maintenance strategies will yield equipment reliability improvements. 

Proactive maintenance is one method for optimising system reliability strategically. Evidently, 

this maintenance strategy requires some form of equipment failure prediction. From literature 

it was found that Weibull models and the Crow-AMSAA (NHPP) model are best suited for 

equipment failure prediction. 

These models have been studied extensively in the past and have proven to be successful for 

reliability optimisation. The need for implementing these models on critical mining machinery 

was thus realised. However, most condition-based models require a lot of field data, which is 

generally not possible in the mining industry. Therefore, a simplified, yet comprehensive failure 

prediction model was thus developed from literature. 

What makes the method practical as viewed against the existing literature? 

The ability of this model to make accurate predictions with small data sets while maintaining 

an acceptable level of accuracy makes it practical and easy to implement under the current 

data constraints. 

What precisely makes the method new as viewed against the literature? 

Considering that various reliability tools have been studied extensively in their separate 

applications, the combination thereof on a single application, have been overlooked. In this 

study, this was achieved by combining these tools such that their individual characteristics 

could be leveraged to simplify a complex problem with limited data. 

What makes the method unique against the literature? 

This model comprises a unique combination of Weibull-related functions, the Crow-AMSAA 

(NHPP) model, and quantile analyses. By leveraging the strong characteristics of each 

individual method, the simplification of a complex problem was made possible 

What is the importance of the use of conditional models? 

Conditional models provide the ability to make future predictions on the condition that 

equipment has reached a certain survival age. Therefore, considering the current age of the 

equipment and its remaining life, the future reliability parameters can be determined 
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conditionally, which enables better approximations on how reliable equipment will be in the 

future. 

Why is the concept of quantile analysis important? 

Provided that failure patterns change over time, quantile analysis makes it possible to identify 

shifts in data distributions, which enables proactive parameter adjustment within the model to 

adapt according to changing failure patterns. 

Because of the model’s simplicity and compatibility, most equipment failure patterns can be 

modelled and predicted. This is exceptionally useful in industry since mining personnel or the 

engineer can immediately get a good estimate on how long equipment could possibly operate, 

thereby enhancing decision-making and possibly improving maintenance procedures. 
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3. PUBLICATIONS SUMMARY 

3.1 PREAMBLE 

In this chapter, the most important results from the appended articles and their novelties are 

discussed and highlighted. Also, prominence is given to the solution of the initial problem 

statement formulated in the first chapter and the research questions in the second chapter. 

Additionally, unique correlations are drawn from the results, which are also discussed. The 

articles can be found in Appendix B, Appendix C, and Appendix D. 

3.2 ARTICLE I 

Title: Failure prediction of mine de-watering pumps 

It is extremely difficult to quantify coming failures, especially if the pump has reached a certain 

age of survival. The proposed method proved to be successful in predicting a single pump 

failure. To validate the method further, the analysis was conducted on four different pumps, 

located on four different levels on a deep-level mine, illustrated in Figure 14. 

  

  

  

Figure 14: Dewatering pump failure prediction (adapted from Article I) 
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Following the results obtained from the failure prediction model, a highly unique correlation 

was found between the pump operating depth and its characteristic life, see Figure 15. This 

correlation may exist due to a variation in operating conditions underground. Thus, as the 

operating conditions get more extreme, the characteristic life of a dewatering pump decreases. 

 

Figure 15: Dewatering pump characteristic life depreciation (adapted from Article I) 

There is no correlation between the characteristic life and the required pumping head, which 

is a clear indication that other factors are involved. This strongly suggests that specific 

operating conditions and the operating depth can determine the service life of a dewatering 

pump regardless of the pumping head. Furthermore, this also indicates that the sequence of 

installation plays a significant role in the service life of these pumps. The pumps closer to 

surface will, therefore, have a higher characteristic life than those located further from surface.  

Furthermore, exposure to dirty water is directly proportional to the operating depth on the 

deeper levels because the pumps are located near the settler ponds. These settler ponds filter 

out most suspended solids and impurities, resulting in cleaner water being pumped to surface, 

which becomes evident when looking at Figure 15. 

Therefore, the application of the Weibull analysis and use of the original estimated parameters 

of a previously installed pump are constrained by similar operating and environmental 

conditions under which the newly installed pump will operate. 

Following this, a range of most probable failure times can be generated according to the 

current age of survival of a specific pump with a 90% confidence lower bound on the minimum 

failure time. From this, the optimum replacement time can also be determined. 

Answer to research question 2: 

In Article I, a new failure prediction model was developed and applied to mine dewatering pumps. 

From this, the optimum replacement time can be determined in context of the LCC. 
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3.3 ARTICLE II 

Title: Failure prediction of mine compressors 

With convoluted compressor systems, countless variables are involved that can contribute to 

unexpected failures. The complexity of this problem makes statistical engineering 

indispensable. Several Weibull models were used to estimate the most probable failure times. 

These models were enhanced further using quartile deviation and a unique adjustment 

algorithm. 

The final model outputs proved to be successful in predicting subsequent compressor failures. 

The method was applied to four different compressors, located at two different compressor 

houses, illustrated in Figure 16. 

  

  

  

Figure 16: Compressor failure prediction (adapted from Article II) 

From the model’s additional results, a unique correlation was found between the number of 

start-ups and the characteristic life of the compressors. The compressors in this study are 

used as baseload compressors, which require them to run continuously. Depending on the 

control philosophy and demand requirements, these machines are switched off frequently and 

need to be started up again. The unique correlation is illustrated in Figure 17. 
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Figure 17: Compressor characteristic life depreciation (Adapted from Article II) 

From Figure 17 it is evident that a negative correlation exists between the characteristic life of 

a compressor and the number of start-ups. It is further important to note that using more data 

points would probably yield more accurate results. However, this correlation was drawn from 

the model outputs, which again highlights the additional capabilities of the Weibull analysis. 

Nevertheless, a possible cause of this correlation could be the deterioration of the large 

induction motors used to rotate an assembly of impellers mounted on a steel shaft. The size 

of a compressor’s motor depends on the compressor’s design specifications, which in this 

case, range from 1 MW to 8.5 MW. These induction motors rely on the interaction of magnetic 

fields to convert electric power into rotating power. During the motor starting time, magnetic 

fields and back electromotive force introduce transient conditions into the electric system. 

These transient events can affect the electric supply and other equipment connected to the 

system [86]. 

Ultimately, the methodology was validated on various compressors using the leave-one-out 

cross-validation (LOOCV) method. It was found that subsequent failures of the compressors 

were predicted successfully based on iterative training data sets of the proposed methodology. 

An average prediction accuracy of 92% was achieved across all compressors used in the 

study. 

Answer to research question 3: 

In Article II, the failure prediction model developed in Article I was modified to be more generic, 

whereafter it was applied to large mine centrifugal compressors. This model was used to predict the 

next component breakdown based on the current survival age of the compressor. Furthermore, this 

enables LLC optimisation, which is governed by the current failure pattern. 
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3.4 ARTICLE III 

Title: Failure prediction of mine scraper winches 

The ability of this model to make accurate predictions of mixed failure modes was leveraged 

as systems constraints to adjust parameters within the previously developed model. 

Furthermore, the Pareto principle was used to quantify sub-components that made up 20% of 

the system but caused 80% of the total breakdowns. This principle was extrapolated through 

all levels of information, which enabled better maintenance prioritisation, see Figure 21. 

   --- Pareto distribution line --- 80% cut-off line           ≈80% breakdowns           ≈20% breakdowns 

  

  

 

 

 

Figure 21: Pareto charts of production engineering (A), scraper winch components (B), mechanical 

components (C), and electric components (D) (Adapted from Article III) 

In Figure 21, the darker grey columns represent the sub-components that caused 80% of the 

system failures but only made up 20% of the system components. Therefore, the failure 

prediction model was applied to these systems. The failure for each sub-component was 

predicted successfully, see the Figure 22 to Figure 24 below. 
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Figure 22: Failure prediction bands – mechanical system (Adapted from Article III) 

The failure prediction model accurately predicted each subsequent failure with an accuracy of 

more than 90%. It is important to note that during the early failures, each sub-component 

displayed higher failure rates. However, it can be seen that the model readjusted based on 

the observed NOF and the substitution of newer data. 

Due to the lack of current forecasting abilities, the increase in failures and changes in the 

failure pattern would go unnoticed. Therefore, the ability to identify changes in failure patterns 

provides critical change management information for maintenance planners. 
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Figure 23: Cumulative failure prediction bands – Scraper winch electric system 

From Figure 23(A) to (D), it is evident that the model predicted each subsequent failure 

accurately, where the x-axis and y-axis represent the survival age and failure times, 

respectively. Additionally, the expected NOF for each system was also determined and 

compared with the actual NOF that occurred, illustrated in Figure 24. 

  

 

Figure 24: Scraper winch system expected NOF 
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The fact that the expected NOF can be predicted, given the specified operational time of these 

components, is extremely valuable for asset management. This is critical in a deep-level 

mining environment where the spares not only need to be ordered, but also be transported to 

various levels in anticipation of system failures. 

It is further important to note that the Pareto principle pattern is revealed in each figure. This 

provides the ability to generate real-time Pareto charts that maintenance planners can use to 

allocate resources more accurately regarding asset procurement. Overall, the failure 

prediction model predicted both the cumulative failures and expected NOF accurately. 

Research answer 4: 

In Article III, the failure prediction model developed in Article I and Article II was integrated with the 

Crow-AMSAA (NHPP) model. In context of spare part allocation, the failure prediction model is able 

to generate dynamic Pareto charts based on current failure patterns. This enables smarter asset 

management and ultimately increased availability. 

3.5 DISCUSSION 

In this thesis, the importance of improved reliability was highlighted. Furthermore, to improve 

reliability, current maintenance strategies were evaluated and it was found that these 

strategies lack forecasting capabilities. From this, research was conducted on forecasting 

models which yielded the Weibull models and the Crow-AMSAA (NHPP) model being the most 

suitable solutions. These models have the ability to provide accurate failure analysis on a wide 

range of mechanical equipment. To achieve proper failure prediction, data acquisition is the 

primary constraint due to the empirical nature of these models. 

Practical experience has shown that only high-level data can be obtained most of the time. 

This high-level data typically includes the date of equipment replacement or running hours. It 

can become quite challenging to process the data into usable data sets. For Article I, only 

running hours and pump replacement times were obtained. For Article II and Article III, 

maintenance records, exported from computerised maintenance management systems, were 

used. Consequently, the data processing phase could differ between different components. 

Fortunately, due to the flexibility of reliability models, an accurate failure analysis could still be 

conducted. 

From literature it was found that it is challenging to predict component time to failure, which 

provided the opportunity to use research over the last 70 years to compare different methods 

and draw conclusions based on comparative studies. From this, Weibull models were 
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regarded as the most widely used failure prediction models, especially the standard Weibull 

distribution function. 

Therefore, a highly unique combination of the conditional Weibull distribution functions, the 

Crow-AMSAA model, and quantile analyses were used. Also, for the first time, a model 

developed by experts on the lower conditional reliability lower bound was used in conjunction 

with the standard conditional Weibull distribution. This enabled the first representation of a 

most probable failure range and constraint by quantile theory. 

In summary, the model results are easy to interpret and can be used to optimise the 

maintenance schedules of any equipment under analysis. This enables the engineer or mining 

personnel to draw more accurate conclusions, which will ultimately enable better decision-

making. This method was implemented successfully on mine dewatering pumps (Article I), 

compressors (Article II) and scraper winches (Article III). 

Answer to research question 1: 

Various reliability engineering tools were used to develop a new failure prediction model, which was 

successfully applied to critical mine machinery operating on a typical deep level mine. This model 

can be used to optimise existing maintenance strategies to produce a proactive framework. 
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4. CONCLUSION 

4.1 PREAMBLE 

This chapter gives a holistic summary and concluding remarks of this thesis. Furthermore, the 

novel contributions of each article are highlighted. Finally, the chapter concludes with 

recommendations for further research. 

4.2 CONCLUSION 

The importance of reliability has been highlighted multiple times in this thesis. Reliability is the 

fundamental backbone of optimum equipment utilisation and safe operation. In the mining 

industry, this is exactly what is required, thereby making it imperative to enhance equipment 

maintenance strategies and using the latest reliability tools. Currently, proactive maintenance 

strategies are not being used and are overlooked. 

In the future, mechanisation will become a reality, which means that equipment will become 

more complex in design and installation, which could result in more unexpected equipment 

failures. If maintenance strategies do not evolve with the technology, imperfect planned or 

routine maintenance could possibly impede maximum equipment utilisation, which could 

require a significant amount of extra capital investment. 

Maintenance is one of the primary cost contributors and consumes a significant proportion of 

the operational costs in the mining industry. Improving equipment reliability extends the 

longevity at the least cost, which can be achieved using a reliability-centred maintenance 

strategy. To achieve this, equipment failure patterns had to be studied extensively. Models 

included the Weibull models and the Crow-AMSAA (NHPP) model, which are the most widely 

used failure analysis models. Therefore, a new failure prediction model was developed from 

literature and applied to critical mine machinery. 

In the first article, the model was applied to dewatering pumps operating under extreme 

conditions. The failures of previously installed dewatering pumps were used as input 

parameters for the model. Thereafter, the model outputs were used to predict the failures of 

newly installed dewatering pumps. 

The methodology was validated on four pumps and it was found that the failures of new pumps 

were predicted successfully based on the Weibull analysis of previously failed pumps. It was 

further found that a quadratic relationship existed between the characteristic life of a 

dewatering pump and the operating depth underground. This is significant because all the 
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factors affecting the service life of a dewatering pump are quantified regarding only the 

operating depth and the characteristic life. 

 

In the second article, the failure prediction model was modified and enhanced further to be 

more generic, whereafter it was applied to large centrifugal mine compressors. The 

methodology was validated on various compressors using the LOOCV method. It was found 

that subsequent failures of the compressors were predicted successfully based on iterative 

training data sets of the proposed methodology. An average prediction accuracy of 92% was 

achieved across all compressors used in the study. 

In the third article, the failure prediction model was adapted for multi-failure mode handling 

and reliability growth for repairable systems. The unique integration of the Crow-AMSAA 

(NHPP) model, therefore, enabled this functionality to model random failure patterns with 

human interaction successfully. From this, a cumulative failure prediction band was generated, 

governed by the observed NOF, which changed dynamically based on the current failure 

pattern. The results were validated using the LOOCV method, which yielded an overall 

prediction accuracy of 94% across all of the scraper winch components. 

4.3 12FUTURE RESEARCH 

4.3.1  Mine dewatering pumps 

A quadratic relationship exists between the characteristic life of a dewatering pump and the 

pump station level or operating depth. This indicates that the service life of a dewatering pump 

depends significantly on the specific operating conditions and operating depth regardless of 

the pumping head. 

Dewatering pumps are exposed to extreme temperatures and high humidity and are required 

to pump water from underground at heads between 500 m and 800 m. There is no correlation 

between the characteristic life and the required pumping head. This is a clear indication that 

other factors are involved – one of which is most likely the relationship between the 

characteristic life and the dirty water being supplied from the settler ponds. 

This water can be corrosive and sometimes has a high content of suspended solids. This is 

especially the case on the deeper levels where pumping stations are located near the settler 

ponds. As the dirty mine service water is pumped to surface in a cascading configuration, the 
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quality might improve due to continuous settling of impurities and solids. However, further 

studies are needed to confirm this hypothesis. 

4.3.2  Mine compressors 

There is a negative correlation between the characteristic life and the number of compressor 

start-ups. These compressors require large induction motors to rotate an assembly of 

impellers mounted on a steel shaft. The size of a compressor’s motor depends on the 

compressor’s design specifications, but in this case, the size of the motors ranges from 1 MW 

to 8.5 MW. 

These induction motors rely on the interaction of magnetic fields to convert electric power into 

rotating power. During the motor starting time, magnetic fields and back electromotive force 

introduce transient conditions into the electric system. Ultimately these transient events can 

affect the electric supply and other equipment connected to it. This may be a contributing 

factor to the depreciation in characteristic life, but further studies are required to confirm this 

hypothesis. 

4.3.3  Mine scraper winches 

The ability to predict sub-component failure of mine scraper winches was the main focus of 

this study. This provided the ability to optimise spare part allocation, which can result in 

smarter asset management, increased availability, and ultimately a more reliable system. 

However, the actual causes of failure can range from cable damage after blasting to 

abnormally high pull forces and have not been studied extensively. 

Further research can be conducted regarding the root cause analysis of a scraper winch 

system and how these causes can be minimised by implementing preventive control 

measures. One example can be by introducing Industry 4.0 technologies, which will enable 

real-time monitoring of winch motor current and provide the ability to quantify the frequency of 

abnormal load situations. In combination with the current failure prediction model, proactive 

maintenance can be improved further by bridging the gap between condition monitoring and 

failure prediction. 

4.3.4  Overall 

With the mining industry migrating to better Industry 4.0 technologies, combining statistical 

methods, such as this failure prediction model, with condition monitoring can further improve 

the accuracy of failure predictions. Therefore, integrating existing condition monitoring 

systems with this failure prediction model is something to consider. 
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ABSTRACT 

The availability of ore transport systems on deep level mines is imperative in achieving 

production targets. System downtime can result in missed working shifts and production loss. 

A typical ore transport system consists of multi-level ore- and waste handling systems, and 

must operate in unison to ensure smooth flow of ore to the surface. A crucial component of 

these systems are scraper winches which operate in the stope areas under extreme 

environmental conditions. Therefore, it is well known that these scraper winches are subject 

to failure. Predicting these failures can enable the maintenance planner to determine optimum 

replacement time and apply smarter asset management. A failure prediction model was 

therefore developed using a unique combination of a previously developed model and the 

Crow-AMSAA (NHPP) model. The ability of the Crow-AMSAA (NHPP) model to make 

accurate predictions of mixed failure modes was leveraged as system constraints to adjust 

parameters within the previous model. Furthermore, the Pareto principle was extrapolated 

through all levels of information, which enabled better maintenance prioritisation. The final 

model successfully predicted the failures, with an average accuracy of 94% for each sub-

component. Significantly, the model provided valuable information that can be used by a 

maintenance planner to enhance decision making and improve asset management. 

Keywords: 

Mine scraper winch failure, Reliability engineering, Failure analysis, Reliability growth 
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1. INTRODUCTION 

Underground hard rock mines are used to access ore bodies that are too deep to reach with 

open pit mines [1]. These ore bodies are typically located at depths ranging from 500 m to 4 

500 m below surface [2]. Hence, effective ore transport systems are imperative to achieve 

daily production targets [3]. 

In general, there are two methods of transportation in mines, namely vertical or near-vertical 

shafts, and through inclined shafts or openings [4]. Regardless of the method, the ore material 

moves through various material-handling systems on route to the hoisting shaft [5]. These are 

normally multi-level ore- and waste handling systems, that must operate in unison to ensure 

smooth flow of ore to the surface. Thus, increasing the likelihood of bottlenecks shifting along 

with different mining deployments due to the complexity and functionality of such a system [6]. 

In South Africa, mining operations predominantly employ conventional mining techniques to 

exploit the mineral reserves. Consequently, conventional stope cleaning methods are used 

and consists of using scraper winches as the cleaning method after blasting [7]. This method 

is cost-effective and highly practical, requiring low capital expenditure and maintenance costs 

[8]. 

However, it is well known that these scraper winches do not last longer than four to six months 

due to the extreme operating conditions. When subsequent unplanned failures occur and the 

underground ore storage cannot be controlled between acceptable limits, consecutively, up to 

three full working shifts can be lost [9], [10]. 

Typically, a large gold mine with multiple active shafts can have up to 1 000 scraper winches 

operating at any given time. Considering this, together with continuous unplanned winch 

replacements and production losses, substantial costs are involved to ensure production 

targets are met [10]. It is, thus, imperative to prioritise the reliability and availability of scraper 

winches in the ore-handling process. 

Planning for future uncertainties should include an effective predictive and preventive 

maintenance program. Furthermore, prioritising this over a breakdown maintenance program 

can reduce the potential for personnel injury and increase equipment availability [11]. 

Additionally, various other factors influencing the reliability, availability, maintainability and 

cost (RAM-C) makes the selection of a suitable maintenance strategy inescapable. 

Various methods exist for selecting the most suitable maintenance strategy. These include, 

but are not limited to: the analytic network process (ANP) method, analytic hierarchy process 

(AHP), fuzzy logic, and a technique for order preference by similarity to an ideal solution 
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(TOPSIS) [12], [13]. Additionally, these methods are fundamentally based on multi-criteria 

decision methods (MCDM), which are primarily driven by RAM-C. Furthermore, Yuqiang 

studied a component reallocation based maintenance policy for a used and repairable system 

based on the Weibull distribution [14]. 

Considering that all of these models involve reliability and availability further emphasises the 

importance thereof. In addition, the extreme operating conditions, data limitations and high 

failure rates of the equipment operating on a typical deep-level mine, can make the 

implementation thereof challenging. However, in previous work, a practical and generic failure 

prediction model was developed for mine de-watering pumps and compressors to overcome 

these constraints and challenges [15], [16]. 

Primarily, this model is based on a unique combination of Weibull models, conditional models 

and quantile analyses. Exclusively, each field has been studied extensively and are well 

known in the reliability engineering environment [17]–[20]. Although the developed model 

succeeded in producing accurate failure predictions, both case studies involved some degree 

of singularity. The model had to be adjusted or enhanced to remain applicable under various 

constraints. 

In addition to this study, the Crow-Army Material System Analysis Activity (Crow-AMSAA) non-

homogeneous Poisson process (NHPP) model was introduced, which mainly involves 

reliability growth plots and modelling repairable systems. The reliability growth plots are useful 

for mixed failure modes, compared to the Weibull plots that are useful for single failure modes 

[21]. To apply the Crow-AMSAA (NHPP) model successfully, however, requires the historical 

failure events to be identical, which typically involves human interaction [22]. 

Conventional stope cleaning requires that scraper winches be operated manually by an 

authorised winch operator. These scraper winches are subjected to high pull forces. Especially 

during stall situations where torque of up to 3.5 times higher than the nominal, can be 

developed [23]. Introducing human interaction and bad habits introduces a dynamic element 

to the equation, which adds to the difficulty of predicting failure throughout the entire life cycle. 

It is, therefore, imperative to ensure optimum efficiency, availability, and safety of repairable 

systems through dynamical reliability assessment and failure prediction tools [24]. In this 

study, the observed expected number of failures (NOF) was used as an adjustment indicator 

to determine if the rate of occurrence of failure (ROCOF) is stable, increasing or decreasing. 

These correlations were, therefore, leveraged as system constraints to adjust parameters 

within the previous model. 
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Furthermore, in combination with the previous model’s ability to adjust according to changes 

in failure patterns, enabled successful failure prediction of underground scraper winches. 

Ultimately, the final model can be integrated into existing maintenance strategies to produce 

a pro-active framework. 

2. METHODOLOGY 

When applying life data analysis, the component or equipment under analysis, when replaced, 

is typically assumed to be in an as-good-as-new condition. This is true when replacing the 

complete scraper winch system. However, a fully functional scraper winch system depends 

on multiple sub-components. Failure of these components generally result in a breakdown - 

after which the failed component is either replaced or repaired. 

Consequently, the system cannot be considered as-good-as-new when only one component 

is replaced or repaired, which is typically the case. Thus, during the service life of such a 

system, it can have multiple lives as they fail, are repaired, and put back into service. The age 

of the system is effectively the same as it was prior to the replacement or repair. This is known 

as-bad-as-old and classified as a repairable system which introduces reliability growth [25]. 

The events that are observed follow a stochastic process, which is defined as a sequence of 

inter-dependent random events. These events are, therefore, dependent and not identically 

distributed. In other words, the quality of a new repair or replacement will determine the time-

to-failure (TTF) and consequently might result in a different distribution entirely. The Crow-

AMSAA (NHPP) model was therefore integrated to form part of the Reliability Growth Analysis 

(RGA) process [25]. 

This model can only be applied successfully if the data is reliable and accurate. Data can 

commonly be obtained from computerised maintenance management systems (CMMS) that 

typically provide detailed breakdown information which include: the call-out date, time-to-

repair (TTR) and the cause of failure. This data may be site-specific and the format thereof 

will not always be the same. However, the data must be processed and populated cumulatively 

in TTF format. 

With the data-set in the correct format, the Crow-AMSAA (NHPP) parameters can be 

estimated using the maximum likelihood estimation (MLE). Afterwards, the Cramér-von Mises 

(CVM) goodness-of-fit (GOF) test must be applied to the data-set with confidence bounds 

using the Fisher Matrix. 

The rate of occurrence of failure (ROCOF), under the assumption that the data follows a power 

function of time, can then be determined using the NHPP model with 95% confidence. This 

value represents the primary system constraint as input to the previously developed model. 
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Finally, the failure prediction model produces the number of probable future failures and a 

detailed failure band with upper- and lower limits. The results must then be subjected to a 

validation method, in this case, the leave-one-out cross-validation (LOOCV) technique is used. 

The complete methodology framework is illustrated below in Figure 1. 
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Figure 1: Failure prediction methodology framework 

2.1. FAILURE PREDICTION MODEL 

The failure prediction model developed, reported previously, for mine de-watering pumps [15] 

and compressors [16], is improved upon here. This model is primarily based on the standard 

Weibull distribution, conditional Weibull distribution and quantile analysis. The model was 

designed to adjust automatically, as more data becomes available and failure patterns change 

over time. 

As mentioned in Section 1, the applicability of the Crow-AMSAA (NHPP) model on multi-failure 

mode systems was leveraged and used as system constraints to adjust parameters within the 
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previously developed model. This enabled the model to make conditional TTF predictions 

based on the expected number of failures. 

2.2. CROW-AMSAA (NHPP) MODEL PARAMETERS 

To determine the number of failures (NOF) of a repairable system, the NHPP model is used. 

This model assumes that the ROCOF follows a power function over time. It describes the 

cumulative NOF up to time 𝑡, 𝑁(𝑡) which follows a Poisson distribution with parameter 𝜆(𝑡). 

Furthermore, plotting the cumulative NOF against the cumulative time on a log-log scale 

normally produces a straight line with slope 𝛽𝐶 [26], [27]. If 𝑘 number of systems are present, 

the failure for each of those 𝑘 systems is governed by the intensity function given by 

𝜆(𝑡) = 𝜆𝛽𝐶𝑡
𝛽𝐶−1 1 

From equation (1), the NHPP with intensity 𝜆(𝑡) has the power law mean value function 

𝐸[𝑁(𝑡)] = ∫ 𝜆(𝑡)𝑑𝑡
𝑡

0
= 𝜆𝑡𝛽𝐶 ,      𝑡 > 0 2 

Therefore, the expected NOF between 𝑡1 and 𝑡2 is 

𝐸[𝑁(𝛥𝑡)] = ∫ 𝜆(𝑡)𝑑𝑡
𝑡2
𝑡1

=  𝜆𝑡2
𝛽𝐶 − 𝜆𝑡1

𝛽𝐶 3 

The values of 𝜆 and 𝛽𝐶 can be estimated based on data from the 𝑘 systems. Suppose the 𝑞𝑡ℎ 

system is continuously observed from time 𝑆𝑞 to 𝑇𝑞 with 𝑞 = [1,… , 𝑘]. Let 𝑁𝑞 be the NOF 

observed during this time by the 𝑞𝑡ℎ system and 𝑋𝑖𝑞, the age of the 𝑖𝑡ℎ occurrence of failure 

with 𝑖 = [1,… ,𝑁𝑞]. Then the MLE of 𝜆 and 𝛽𝐶 are values 𝜆̂ and 𝛽̂𝐶 given by 

𝜆̂ =
∑ 𝑁𝑞
𝑘
𝑞=1

∑ (𝑇𝑞
𝛽̂𝐶−𝑆𝑞

𝛽̂𝐶)𝑘
𝑞=1

 4 

𝛽̂𝐶  =
∑ 𝑁𝑞
𝑘
𝑞=1

𝜆̂ ∑ (𝑇𝑞
𝛽̂𝐶𝑙𝑛𝑇𝑞−𝑆𝑞

𝛽̂𝐶𝑙𝑛𝑆𝑞)
𝑘
𝑞=1 −∑ ∑ 𝑙𝑛𝑋𝑖𝑞

𝑁𝑞
𝑖=1

𝑘
𝑞=1

 5 

In general, these equations cannot be solved explicitly for 𝜆̂ and 𝛽̂𝐶 and must be solved 

numerically. This was achieved by using packages in SciPy, a Python-based ecosystem of 

open-source software for mathematics, science, and engineering (Python). 

After solving for 𝜆̂ and 𝛽̂𝐶, a goodness-of-fit test must be applied to test the compatibility of the 

model. The CVM test is typically used when starting times for each system is 0 and failure 

data are complete over the continuous interval [0, 𝑇𝑞], with successive failure times [0, 𝑋1,𝑞 <

𝑋2,𝑞 < ⋯ < 𝑋𝑁𝑞,𝑞 ≤ 𝑇𝑞 , (𝑞 = 1,… , 𝑘)]. The step-by-step procedure, described by Crow [27], can 

be used as follows: 

1. Specify if data set is failure terminated (𝑋𝑁𝑞,𝑞 = 𝑇𝑞) or time terminated (𝑋𝑞,𝑞 < 𝑇𝑞) 

𝐿𝑒𝑡 𝑀 = ∑ 𝑀𝑞
𝑘
𝑞=1 , 𝑀𝑞 = {

𝑁𝑞 − 1 If failure terminated 

𝑁𝑞 If time terminated 
} 6 

2. Divide each successive failure time by the corresponding end time 𝑇𝑞 
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𝑌𝑖𝑞 =
𝑋𝑖𝑞

𝑇𝑞
, 𝑖 = 1,… ,𝑀𝑞 , (𝑞 = 1,… , 𝑘) 7 

3. Calculate 𝛽̅𝐶, the unbiased estimate of 𝛽𝐶 

𝛽̅𝐶 =
𝑀−1

∑ ∑ ln(
𝑇𝑞

𝑋𝑖𝑞
)

𝑀𝑞
𝑖=1

𝑘
𝑞=1

 8 

4. Treat the 𝑀 𝑌𝑖𝑞′𝑠 as one group and order them from smallest to largest [𝑍1 < 𝑍2 < ⋯ < 𝑍𝑀] 

5. Calculate the CVM statistic 𝐶𝑀
2  

𝐶𝑀
2 =

1

12𝑀
+∑ (𝑍𝑗

𝛽̅𝐶 −
2𝑗−1

2𝑀
)
2

𝑀
𝑗=1  9 

6. Determine the critical value from the desired significance level and corresponding 𝑀 value 

from Table 1. 

Table 1: Critical values for CVM goodness-of-fit test (Adapted from[27]) 

M 
Significance level 

0.20 0.15 0.10 0.05 0.01 

2 0.138 0.149 0.162 0.175 0.186 
3 0.121 0.135 0.154 0.184 0.230 
4 0.121 0.134 0.155 0.191 0.280 
5 0.121 0.137 0.160 0.199 0.300 
6 0.123 0.139 0.162 0.204 0.310 
7 0.124 0.140 0.165 0.208 0.320 
8 0.124 0.141 0.165 0.210 0.320 
9 0.125 0.142 0.167 0.212 0.320 

10 0.125 0.142 0.167 0.212 0.320 
11 0.126 0.143 0.169 0.214 0.320 
12 0.126 0.144 0.169 0.214 0.320 
13 0.126 0.144 0.169 0.214 0.330 
14 0.126 0.144 0.169 0.214 0.330 
15 0.126 0.144 0.169 0.215 0.330 
16 0.127 0.145 0.171 0.216 0.330 
17 0.127 0.145 0.171 0.217 0.330 
18 0.127 0.146 0.171 0.217 0.330 
19 0.127 0.146 0.171 0.217 0.330 
20 0.128 0.146 0.172 0.217 0.330 
30 0.128 0.146 0.172 0.218 0.330 
60 0.128 0.147 0.173 0.220 0.330 
100 0.129 0.147 0.173 0.220 0.340 

7. If 𝐶𝑀
2  < critical value, then the hypothesis is accepted that the failure times for the 𝑘 systems 

follow a NHPP with intensity function 𝜆(𝑡) = 𝜆𝛽𝐶𝑡
𝛽𝐶−1 

Once the CVM test is completed, the variance on the expected NOF can be calculated [25] 

using 

𝑉𝑎𝑟 (𝑁̂(∆𝑡)) = [
𝜕𝑁̂(∆𝑡)

𝜕𝜆
]
2

𝑣𝑎𝑟(𝜆̂) + [
𝜕𝑁̂(∆𝑡)

𝜕𝛽𝐶
]
2

𝑣𝑎𝑟(𝛽̂𝐶) + 2 [
𝜕𝑁̂(∆𝑡)

𝜕𝜆
] [
𝜕𝑁̂(∆𝑡)

𝜕𝛽𝐶
] 𝑐𝑜𝑣(𝜆̂, 𝛽̂𝐶) 10 

𝑤ℎ𝑒𝑟𝑒 𝑁̂(∆𝑡) =  𝜆̂𝑡2
𝛽̂𝐶 − 𝜆̂𝑡1

𝛽̂𝐶  , 𝑁̂(∆𝑡) > 0  

From equation (10), the variance and covariance of the MLE’s are required. To achieve this, 

the Fisher information matrix [25] can be used from the natural log-likelihood function 

Λ = ∑ [𝑁𝑞(ln(𝜆) + ln(𝛽𝐶)) − 𝜆 (𝑇𝑞
𝛽𝐶 − 𝑆𝑞

𝛽𝐶) + (𝛽𝐶 − 1)∑ ln(𝑥𝑖𝑞)
𝑁𝑞
𝑖=1 ]𝑘

𝑞=1  11 
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where [
−
𝜕2Λ

𝜕𝜆2
−

𝜕2Λ

𝜕𝜆𝜕𝛽𝐶

−
𝜕2Λ

𝜕𝜆𝜕𝛽𝐶
−
𝜕2Λ

𝜕𝛽𝐶
2

] = [
𝑉𝑎𝑟(𝜆̂) 𝐶𝑜𝑣(𝛽̂𝐶 , 𝜆̂)

𝐶𝑜𝑣(𝛽̂𝐶 , 𝜆̂) 𝑉𝑎𝑟(𝛽̂𝐶)
] 

Finally, the two-sided approximate confidence bound can be calculated 

𝑁̂(Δ𝑡)𝑈 = 𝑁̂(Δ𝑡) × 𝑒

𝑧
1−
𝛼
2

(√𝑉𝑎𝑟(𝑁̂(Δ𝑡))

𝑁̂(Δ𝑡)  12 

𝑁̂(Δ𝑡)𝐿 = 𝑁̂(Δ𝑡) × 𝑒

𝑧𝛼
2

(√𝑉𝑎𝑟(𝑁̂(Δ𝑡))

𝑁̂(Δ𝑡)  13 

where 𝛼 is the confidence level and 𝑧1−𝛼
2
 the 1 −

𝛼

2
 percentile of a standard normal distribution. 

2.3. FAILURE BAND CALCULATIONS 

The failure band produced by the model can be described as a conditional TTF range of 

probable failures corresponding to the survival age of the equipment under analysis. This is 

fundamentally based on the conditional Weibull distribution with a specified percentile life (B-

Life) and is comprehensively described in previous work [15], [16]. 

LifeB = η{ln [
1

(1−P)exp(−(
currentage

η
)
β

)

]}

1

β

 14 

where η and β are the Weibull scale-and shape parameters respectively, currentage the current 

age of the equipment, i.e. the last data point of the training data set, and P = [0.10…0.90] the 

specified percentile lives. 

Simply knowing the current age of the system and substituting this value into equation (14) is 

a trivial task. However, this requires a complete data set that needs to be updated after each 

failure, which is not always possible for scraper winch systems where the data is typically 

updated on a bi-weekly or monthly basis. This is where the previously developed model is 

modified. For each subsequent failure prediction, 𝑡2 was solved for from equation (3) iteratively 

(𝑖 = 0,… , 𝐸[𝑁(Δ𝑡)] − 1). 

Let 𝐸[𝑁(𝛥𝑡)] be the observed expected NOF (𝐸[𝑁(Δ𝑡0)]) for each iteration: 

(𝐸[𝑁(Δ𝑡0)])𝑖 =
𝐸[𝑁(Δ𝑡0)]𝑇

𝐸[𝑁(Δ𝑡)]−𝑖
 15 

where 𝐸[𝑁(Δ𝑡0)]𝑇 is the observed total expected NOF until the required time of operation. 

Now, solving for 𝑡2 from equation (3), for each iteration we have 
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(𝑡2)𝑖 = [(𝑡1)𝑖
(𝛽𝐶)𝑖 +

(𝐸[𝑁(Δ𝑡0)])𝑖

𝜆𝑖
]

1

(𝛽𝐶)𝑖 16 

where new 𝛽𝐶 and 𝜆 parameters are calculated as the data set is iteratively updated. A 90% 

confidence bound on the value of (𝑡2)𝑖 from equation (16) will yield upper-and lower values 

(𝑡2)𝑖
𝑈 and (𝑡2)𝑖

𝐿, respectively. These values, will be used as system constraints to determine 

the final upper-and lower limits. 

It is now possible to calculate the minimum conditional reliability (R̂c) to produce the lower limit 

failure band from the minimum 𝛽 and 𝜂 parameters [28]. For the training data set (𝑡𝑘 , … , 𝑡𝑛) 

where 𝑛 is the size of the training data set: 

R̂c(β0) = ex p [−
χ90,2
2 {Tβ0−(T−tmission)

β0}

∑ t
k
β0

] , k = 1,… , n 17 

where χ90,2
2  is the chi-squared statistic with a 90% confidence level and 2 degrees of 

freedom, T the life requirement, tmission the mission time (T − currentage), and β0 the observed 

shape parameter. Normalising equation (17) by tm = max(t1, t2, … , tn) for each iteration: 

[R̂c(βmin)]i = ex p [−
χ90,2
2 {(T/tm)

(βmin)i−((T−tmission)/tm)
(βmin)i  }

∑(tk/tm)
(βmin)i  

] , k = 1,… , n 18 

where tm = (t2)i and T = (𝑡2)𝑖
𝐿  

The minimum reliability cannot be solved explicitly, hence it was numerically solved using 

Python. From this, a new (βmin)i parameter can be calculated. Finally, a 100γ% confidence 

lower bound on η can be calculated (ηmin)i for each iteration 

(ηmin)i = (
∑ t

k

(βmin)in
k=1

χ90,2
2 )

1

(βmin)i

 19 

The original and minimum β and η parameters can now be substituted into equation (14) to 

calculate the upper-and lower B-Lives respectively for each iteration, so finally: 

(LifeB)i
U = ηi {ln [

1

(1−PU) exp(−(
(t2)i
ηi

)
βi
)

]}

1

βi

 20 

and 

(LifeB)i
L = (ηmin)i

{
 
 

 
 

ln

[
 
 
 
 

1

(1−PL) exp(−(
(𝑡2)𝑖

𝐿

(ηmin)i
)

(βmin)i

)

]
 
 
 
 

}
 
 

 
 

1

(βmin)i

 21 
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3. RESULTS 

A case study was selected that represents a typical ore-extraction system of a conventional 

deep-level mine, which mainly consists of scraper winches, locomotives, and loaders. Each 

system consists of multiple sub-components, that complicated the prioritisation of 

maintenance and repairs. The availability and efficient operation of these systems can 

additionally affect production targets. Therefore, it is imperative to properly prioritise and 

manage these systems to ensure minimum downtime. The methodology outlined in Figure 1, 

is applied in the subsequent sections. 

3.1. DATA SET ACQUISITION & PREPARATION 

Reliable maintenance and breakdown reports were obtained from the mine’s CMMS. In this 

study, it was found that a smaller percentage of sub-components caused most of the 

breakdowns. The 80/20 principle (Pareto principle) was therefore used to improve decision 

making. This enabled the quantification of sub-components that make up 20% of the system, 

but caused 80% of the total breakdowns. Therefore, this principle was extrapolated through 

all levels of information. Figure 2 shows the breakdowns per system, starting at a high-level 

in (A) and focussing on individual components in (B), (C) and (D). 

      --- Pareto distribution line  --- 80% cut-off line              ≈80% breakdowns              ≈20% breakdowns 

  

  

 

 

 

Figure 2: Pareto Charts of breakdowns per system from high-level (A) to individual components (B-D) 
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Figure 2 shows data collected over one year, where the bars and dotted lines represent the 

breakdowns and cumulative percentage of the failures, respectively. It was found that 20% of 

the sub-components of each respective system caused roughly 80% of the total breakdowns. 

Figure 2(A) shows that the amount of scraper winch breakdowns is significantly higher in 

comparison to that of the other Production Engineering systems. 

Figure 2(B) shows that the failure of mechanical- and electrical systems are the primary 

causes for the number of breakdowns. Figures 2(C) and (D) show the detailed sub-

components of the mechanical- and electrical systems, respectively. The breakdowns of these 

systems are driven by multi-failure modes, which are mostly governed by human intervention- 

and -error. 

For simplification, only the electrical system with one sub-component was used to illustrate 

the methodology. However, the methodology was applied to all the systems and the results 

are included at the end of this section. 

3.2. PARAMETER ESTIMATION 

The NHPP model parameters were estimated using the MLE method. The data used, 

represents the actual failure times of various sub-components of scraper winches operating 

under extreme conditions. It was configured continuously in cumulative format over the interval 

[0, 𝑇], where 𝑇 is failure terminated. Table 2 shows the training data set, validation data set, 

estimated parameters, and CVM GOF test results for scraper winch breakdowns caused by 

electrical failure. 

Table 2: Scraper winch electrical components data preparation results 

Training data (days) 

1, 3, 5, 6, 7, 8, 9, 13, 15, 20, 21, 22, 24, 26, 27, 28, 29, 30, 33, 34, 
35, 38, 40, 41, 43, 45, 49, 50, 53, 55, 56, 61, 62, 64, 65, 66, 69, 
70, 71, 73, 76, 77, 78, 82, 84, 86, 94, 98, 100, 101, 103, 111, 112, 
116, 119, 120, 121, 125, 128, 133, 135, 136, 140, 148, 150, 151, 
152, 153, 154, 155, 156, 157, 167, 169, 170, 176, 181, 182, 184, 
185, 188, 189, 191, 192, 194, 197, 198, 199, 203, 206, 209, 211, 
217, 219 

Validation data (days) 

223, 224, 226, 227, 228, 229, 231, 232, 233, 234, 236, 237, 238, 
239, 240, 242, 243, 246, 247, 253, 259, 260, 262, 263, 265, 266, 
267, 268, 269, 274, 275, 276, 278, 283, 285, 286, 293, 294, 296, 
299, 308, 310, 312, 316, 321, 328, 330 

Parameter Estimation & GOF test 

Data set 𝑴 𝑻𝒆𝒏𝒅 𝜷𝑪 𝝀 𝑪𝑴
𝟐  Crit. 

Training 94 219 0.881 0.817 0.029 0.220 

Complete 141 330 0.904 0.745 0.063 0.220 

From Table 2 it is clear that the training- and complete data sets yielded successful results in 

the CVM GOF test as 𝐶𝑀
2 < 𝐶𝑟𝑖𝑡𝑖𝑐𝑎𝑙 𝑣𝑎𝑙𝑢𝑒. Regarding the NHPP parameters, 𝛽 < 1 indicates 
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a slower failure rate, 𝛽 > 1, a faster failure rate and 𝛽 ≈ 1 no improvement or deterioration. 

Here, it can be observed that 𝛽 < 1, indicating slower failure rate, which is related to increased 

reliability over time. However, this parameter increased over time from 0.881 to 0.904, 

approaching a value closer to 1, which indicates otherwise. This is a good indicator that repairs 

are only conducted after failures occur. This can be better visualised with reliability growth 

trends, which initiates the next step in the methodology framework. 

3.3. RELIABILITY GROWTH ANALYSIS COMPONENTS 

Typically, RGA is used to quantify and assess system parameters related to the reliability 

growth of the system under analysis. This is useful for observing reliability trends and the 

tracking thereof. These trends can either increase or decrease over time, depending on the 

changes made or the implementation of major fixes to the system. 

This can be observed by analysing the failure intensity and mean time between failures 

(MTBF), with both indicating change in reliability over time. These trends are useful to visualise 

the improvement of reliability. Figure 3 illustrates these reliability growth trends. 

  

  

Figure 3: Reliability growth trends; Cumulative & Instantaneous failure intensity (A) and (B), Cumulative 

& Instantaneous MTBF (C) and (D) 
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As mentioned previously, the estimated parameter (𝛽) is smaller than 1, which normally 

indicates an increase in reliability growth. This is reflected in Figure 3 by the failure intensity 

and MTBF trends. Figure 3(A) and (B) show that the failure intensity decreases over time. 

Figure 3(C) and (D) show an increase in MTBF over time. However, the failure intensity and 

the MTBF seems to stabilise as 𝛽 approaches 1. 

Hypothetically, if the training data set was the full data set at a certain point in time, this 

observation would have indicated that there are no system improvements. As a result, 

reliability growth is evident, and this system can be classified as a repairable system. After 

confirming that the data can be represented by the NHPP model, the expected NOF can be 

calculated with more confidence. Therefore, by specifying an arbitrary mission time and 

substituting for the parameters in equation (3), one can calculate the expected NOF. 

Note that, all values were calculated in Python, which used more accurate values consisting of more 

than three decimal spaces. 

𝐸[𝑁(𝛥𝑡)] = (0.817…)(330
0.880… − 2190.880…) 

𝐸[𝑁(𝛥𝑡)] =  40.869… 

The variance of the NOF can now be calculated using equation (10):  

𝑉𝑎𝑟(𝐸[𝑁(𝛥𝑡)]) = (50.001…)
2(0.167…) + (275.548…)

2(0.008…) + 2(50.001…)(275.548…)(−0.036…) 

𝑉𝑎𝑟(𝐸[𝑁(𝛥𝑡)]) =  42.989… 

Finally, a 90% 2-sided confidence bound on 𝐸[𝑁(𝛥𝑡)] =  40.869… can be calculated using 

equations (12) and (13): 

𝐸[𝑁(𝛥𝑡)]𝑈 = 40.869… × 𝑒
1.645…(√42.989…)

40.869… = 53.211… 

𝐸[𝑁(𝛥𝑡)]𝐿 = 40.869… × 𝑒
−1.645…(√42.989…)

40.869… = 31.390…  

Now that information is available regarding the expected NOF, governed by the NHPP, this 

value can be leveraged as a system constraint for the previously developed model. 

Subsequently, a failure band of most probable future failure times can be generated to reveal 

even more detail regarding failure patterns. 

3.4. FAILURE PREDICTION BAND 

The failure prediction band in this study describes the conditional TTF range of a scraper 

winch during its aging process. To achieve this, each subsequent failure is predicted based 

on the observed expected NOF, determined by the previous two calculated failures. 

Additionally, the upper- and lower limits are conditionally determined based on a specified 

percentile life. 
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This process is repeated iteratively over the time it requires to reach the originally calculated 

expected NOF. As mentioned, this method was applied on the electrical system to illustrate 

the methodology procedure. The results are shown in Figure 4. 

  

  

Figure 4: Cumulative failure prediction bands – Scraper winch electrical system 

From Figure 4(A) to (D), it is evident that the model accurately predicted each subsequent 

failure, where the x-axis and y-axis represent the survival age and failure times, respectively. 

As depicted in Figure 4, during the early failures, each sub-component showed higher failure 

rates. However, the model dynamically adjusted accordingly, after the data set was updated 

after the first 30 days. 

Knowing the root-cause for a sudden increase in failure rates would be ideal. However, due 

to the lack of forecasting capabilities of the current maintenance strategies, the change in 

failure patterns would go unnoticed. Therefore, the ability to quantify and visualise changes in 

failure patterns is invaluable. This information enables the maintenance planner to react pro-

actively and to manage assets more effectively. This provides better line-of-sight (LOS), which 

enables smarter decision making and, ultimately, improves asset management and 

procurement. 
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4. DISCUSSION OF RESULTS 

4.1. SCRAPER WINCH SYSTEM FAILURES 

In the previous section, the failure prediction methodology framework was implemented. As 

mentioned, the availability and reliability of scraper winches is imperative to successful ore-

extraction. A fully operational scraper winch system requires all its sub-components to be 

functional. Therefore, failure in any of these components may result in a breakdown and a 

possible missed shift. 

Hence, the failure prediction model was applied to all the major components that contribute to 

80% of the total breakdowns, selected based on the Pareto principle. For the mechanical 

system of a scraper winch, the resulting failure prediction bands for each component is shown 

in Figure 5. 

  

  

Figure 5: Cumulative failure prediction bands – Scraper winch mechanical system 

Figure 5(A) to (D), show the failure prediction bands of the mechanical system components 

contributing to 80% of the breakdowns. The failure prediction model accurately predicted each 

subsequent failure with an accuracy of more than 90%. 
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Additionally, the expected NOF for each system was also determined and compared to the 

actual NOF that occurred. Considering that the expected NOF can be predicted, given the 

specified operational time of these components, is extremely valuable for asset management. 

This is critical in a deep-level mining environment where the spares not only need to be 

ordered, but transported to various levels in anticipation of system failures. These results are 

shown in Figure 6 below. 

  

 

Figure 6: Scraper winch system expected number of failures 

Figure 6(A) to (C) show the predicted number of failures compared to the actual failures of 

each system with a 90% 2-sided confidence bound (upper- and lower limits). It is also 

important to note that the Pareto principle pattern is revealed in each figure. This provides the 

ability to generate real-time Pareto charts that maintenance planners can use to allocate 

resources more accurately regarding asset procurement. 

Overall, the failure prediction model accurately predicted both the cumulative failures and 

expected NOF. 
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4.2. INDUSTRY VALUE ADD AND CONTRIBUTION 

Present maintenance strategies are primarily reactive. However, implementing reactive 

maintenance is not necessarily unsustainable, as some systems are better to repair as they 

fail. It is, however, important to optimise these strategies by introducing proper asset 

management based on accurate predictions. This enables a better understanding of the 

system and its failure patterns. Therefore, this study mainly focused on the ability to predict 

failure, where this information can be used in future studies to inform smarter decision making 

in the development of new maintenance strategies. 

Failure prediction model value add to the industry and contribution in the research field: 

1. The methodology presented in this article is purposefully developed to be practical and 

easy to implement on repairable systems. 

2. The methodology can be used to predict failure of scraper winch systems and its sub-

components. 

3. The simplicity and generic capability of this methodology enables multi-system 

application in various aspects of mining. The implementation thereof can lead to better 

service delivery, minimum down time, and operational improvements. 

4. The integration of this model into present maintenance strategies can produce a pro-

acitve framework for asset management. 

5. From a safety perspective, accidents associated with scraper winches pose a daily 

threat to the winch operators and the people working nearby. The ability of the model 

to predict the number of expected failures can be leveraged as a hot-spot identification 

tool. Meaning, that workplaces that has a greater potential for scraper winch failures 

can be identified which can be integrated into change risk management strategies as 

the workforce migrate to different workplaces. Furthermore, this will enable the 

prioritisation of weekly inspections based on the expected number of failures. 

6. Pareto charts can be generated in real-time. Maintenance planners can use this 

information to optimise resource allocation regarding asset procurement. 

7. The final failure prediction model can adapt for both single failure and multi-failure 

mode distributions. 
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5. CONCLUSION 

The ore-extraction system of a deep-level mine depends on how effective ore transport 

systems are to achieve daily production targets. These are multi-level ore and waste handling 

systems and different methods are used to effectively transport ore from underground. It is 

therefore important to ensure that these systems are operational and available at any given 

time. 

Conventional stope cleaning primarily uses scraper winches as the cleaning method. These 

scraper winches are exposed to extreme environmental conditions and pull forces. It is well 

known that these scraper winches do not last more than four to six months. This introduces 

the possibility of unplanned failures and if underground ore storage cannot be controlled 

between acceptable limits, up to three full working shifts can be lost. 

Considering this, and the fact that a typical large gold mine can have up to a 1 000 scraper 

winches operating at any given time, substantial costs are involved to ensure that production 

targets are met. Therefore, prominence should be given to the reliability and availability of 

scraper winch systems, which forms an integral part in the ore-handling strategy. 

It was therefore necessary to investigate failure prediction of scraper winches to prevent 

unplanned system downtime. In previous work, a generic failure prediction method was 

developed that addressed these issues on de-watering pumps and compressors. However, 

each of these systems presented different challenges and the method was enhanced 

accordingly. 

In this study, the method was further modified by introducing the Crow-AMSAA (NHPP) model 

for multi-failure mode handling. This model is specifically designed with human interaction in 

mind. This is often the case with scraper winches where an authorised winch operator is 

required to operate the machine. The integration of this model provided the ability to determine 

the expected NOF. This value was used as a system constraint from which conditional upper- 

and lower limits were determined. 

Ultimately, a cumulative failure prediction band was generated through an iterative process. 

The results were validated using the LOOCV method which yielded an overall prediction 

accuracy of 94%. Furthermore, the model successfully provided reliability growth information 

that can be used to identify changes in failure patterns. It is therefore evident that the 

implementation of this methodology for future failure prediction will provide valuable 

information for the maintenance planner. This information will ultimately enhance decision 

making and potentially increase system reliability. 
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