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Abstract

Data plays a vital role in modern society. With an influx of sensors, data generation is
rapidly increasing. Having access to these vast amounts of data enables data-driven
decision-making. However, reliable data are needed to make informed decisions, as

unreliable data can lead to negative consequences.

Reducing costs has become crucial with the mining industry under enormous pressure
to remain profitable. By implementing preventative condition-based maintenance,
unnecessary maintenance, downtime and expenses can be avoided. However,
reliable data are needed to be effective. Due to financial pressures, often only single-
source data are available for planning purposes. Data can be analysed using data
guality dimensions from intrinsic and contextual perspectives to evaluate the reliability.
The literature identified a need to use the combination of intrinsic and contextual

methods to estimate the integrity of single-source condition-based maintenance data.

To address the identified need, this study proposes a novel method to estimate the
integrity of single-source condition-based maintenance data using a combination of
intrinsic and contextual methods. This method was developed by using data quality

dimensions and existing methods from literature.

To supplement the proposed novel method, software system design to estimate the
integrity of single-source condition-based maintenance data using a combination of
intrinsic and contextual methods is proposed as an additional novel contribution. The
software system design makes use of the proposed novel estimation method to
evaluate the running status, electrical current drawn, temperature and vibration data

streams of pumps, compressors, fridge plants and fans.

A software system was created using the novel contributions. The system was verified
using three datasets; two clean datasets and one erroneous dataset, correctly
identifying roughly 94.5% of data points. The system was implemented on twenty case
study components and identified 22% of data points as unreliable. From the data
points identified as unreliable, 69% were identified using the contextual methods,
highlighting the need for the combination of intrinsic and contextual methods. A few
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common data-related problems were identified, with uncalibrated sensors being the

most commonly occurring issue.

Some system limitations were discussed, such as its susceptibility to user errors and
the system accuracy being influenced by the data resolution. Future work to improve
both the method and the software system is proposed, including an event-based
implementation, information display system and notification system. Ultimately, all the
identified study objectives were met, delivering the two proposed novel contributions

and addressing the identified need for the study.

Keywords: Data integrity, single-source data, condition-based maintenance,

condition monitoring.
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

Chapter 1

Introduction
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1.1 Background

1.1.1 Importance of data

Data plays a vital role in modern society [1]. As newer technologies emerge, data
becomes more accessible. Technologies such as the Internet of Things (loT), Cloud
computing and Atrtificial Intelligence (Al) have facilitated a shift in society where data
is now considered an asset [1]-[11]. With digital networks now connecting more
people, devices and sensors; an astonishing amount of data is generated daily
[12], [13]. This expansion of networks can be partly attributed to the improvements in
sensing technologies, wireless networks, low power electronics, and battery
technology [14]. Due to these advancements, sensors can now be found in an
abundance of devices [15], [16].

Data generation has steadily increased over the last few years due to this influx of
sensors [6]. This is evident when data measured in terabytes! a decade ago is now
measured in petabytes? [17]. It was predicted that the size of the digital universe would
grow by a factor of 300 between 2005 and 2020, and that the rate of data generation
would double every two years [18]-[20]. In 2010, over 1 Zettabyte® (ZB) was generated
worldwide, which increased to 1.8 ZB by 2011 [6], [15], [20] and 7 ZB [20] by 2014. By
2017, it was estimated that 90% of all data in the world was generated during the
previous two years [20], [21]. In 2018, 2.5 quintillion* bytes were generated every day
[20], and by 2020, the total amount of data generated was predicted to exceed 35 ZB
[6], [15], [22], [23].

This increase in available data creates an opportunity to improve business decision-
making [13], [15], [22]. Actions initiated by informed decisions can lead to a market
advantage [24]. As a result, business leaders have started adopting data-driven
decision-making [10], [13], [25], [26].

1 Terabyte = 1012 bytes
2 Petabyte = 10'5 bytes
3 Zettabyte = 10! bytes
4 Quintillion = 1018
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Data-driven decision-making refers to the use of data in decision-making to promote

more effective insights [25]. Some of the advantages of effective data-driven decision-
making include [22], [25]:
e improved insights of information value,

e creation of new business opportunities, and
e more timely decision-making.

Large quantities of data have to be analysed in order to improve the decision-making
process [2]. However, for decision making to be effective, high-quality data is required
[1], [13], [27]-[30]. Conversely, making decisions based on low-quality data can have
negative results, such as [1], [22], [25], [27], [29], [31]:

e employee dissatisfaction,

e customer dissatisfaction,

e increased costs,

e wasted time,

¢ low-data utilisation,

¢ inefficient decision-making processes, and

e lower business performance.

Research has shown that decisions are often made without considering the quality of
the data, and the quality of the data is overestimated [22], [28], which can result in
businesses facing extreme financial consequences [27], [32]. For industries under
financial pressure, making decisions based on poor quality data is becoming

increasingly high-risk.

One industrial sector currently under severe pressure is the mining industry
[17], [33]-[35]. In South Africa, the mining industry is struggling to remain profitable
due to [22], [33], [35]-[39]:

e lower global demand,

e increased domestic costs,

e labour disruptions,

e increased electricity tariffs,

e decreased commodity prices,

e declining ore grades, and

e reduced productivity.
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By reducing unnecessary expenditure, South African mines increase their hopes of

remaining profitable.

One of the largest operational expenses on South African mines is maintenance,
accounting for 25-40% of overall equipment costs and 20-50% of the total operational
costs [40], [41]. This is partly due to the harsh conditions under which these equipment
operate [41]. The equipment is critical for the mine’s productivity, leaving little room for
downtime [41], [42]. Regular maintenance is required to ensure the equipment

remains operational and reduce unexpected breakdowns [43].

The different maintenance strategies that are commonly applied to the equipment for
schedule planning are described in Table 1 [41], [44], [45].

Table 1: Commonly used maintenance strategies in the mining industry

Maintenance strategy Description

Breakdown Repairs are reserved for failed or broken-down equipment.
Corrective Component upgrades to improve reliability with a flawed design.
Preventative time-based Makes use of a predetermined schedule.

Preventative condition-based Applied depending on the current condition of the equipment.

N Only perform preventative maintenance on system-critical
Reliability-centred equipment.
Operators are responsible for production responsibilities and

Total productive . .
reporting on maintenance needs.

From the commonly used maintenance strategies described in Table 1, preventative
maintenance is most often applied, as it aims to avoid expensive repair and
replacement costs while also avoiding unplanned downtime [40], [41]. Condition-

based maintenance can be used to further reduce unnecessary expenses [43].
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1.1.2 Condition-based maintenance

Condition-based maintenance is a preventative maintenance strategy aimed at
reducing maintenance costs. This is achieved by scheduling maintenance based on
the equipment's current condition. Condition-based maintenance comprises three
steps, namely [22], [43], [46], [47]:

e Data acquisition — This step consists of collecting data from different sources
to learn about the equipment health and operating condition.

e Data processing — This step analyses the data gathered during the data
acquisition step to better understand the system’s behaviour and patterns.

e Maintenance decision and planning - This is the final step in which the best
maintenance times are recommended based on the insight obtained during the
data processing step.

Effective condition-based maintenance depends on reliable data [43]. For the data
processing step to be effective, the data acquisition step needs to deliver reliable data.
Condition-based maintenance strategies rely on condition-monitoring infrastructure
[48].

Condition monitoring uses sensors to monitor the condition of critical equipment and
is a central part of condition-based maintenance [48]. The data collected from a
condition-monitoring system gives an in-depth view of the equipment's operation and
health, assisting with fault diagnostics and prognostics [44], [47].

To this end, condition monitoring uses many sensors [49]; however, condition-
monitoring equipment is expensive to maintain, and operation requires specialist
knowledge [40]. Due to these limitations, different monitoring strategies can be utilised

depending on the installed equipment and monitoring needs.

Different measurement techniques can be used depending on the equipment that
needs to be measured and the measurement purposes. Standard measurement

techniques are discussed in Table 2 [48].
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Table 2: Common measurement techniques used for condition-based maintenance

Technique Measurements
D . itori Vibration
ynamic monitoring Sound
Temperature monitoring Temperature
Wear
Chemical monitoring Leaks
Corrosion
Wear
. o Fatigue
Particle monitoring .
Corrosion

Contaminants

Cracks
Fracture
Wear
Deformation

Physical monitoring

Resistance
Conductivity
Dielectric strength
Equipment used

Electrical monitoring

Human inspection Based on human senses

1.1.3 Single-source data

The accuracy of the measurements can vary depending on the quality and the number
of sensors used. Multiple sensors per piece of equipment can be installed to increase
the number of available data streams per characteristic [19], [22] and hence increase
the effectiveness of condition-based maintenance. However, due to the financial
pressure of remaining profitable, installing additional sensors is not always viable [50].
Financially constrained mines may have limited sensor equipment, making single-

source data the only option [34].

Single-source data refers to data points measured by only a single source. Bound by
these constraints, condition monitoring systems are often installed on the most critical

components and only measure the most critical characteristics.

Critical components can be classified as those crucial to operations and production in
the mining industry. These components can often be identified by investigating which
components are most commonly used in literature. From literature, the main
components in the mining industry that are either investigated, optimised or commonly

monitored with condition-monitoring systems are [51]-[58]:
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* pumps,

e fans,

e compressors, and

e cooling systems, such as fridge plants.

Each of the components listed above differs, and different characteristics can be
measured. However, some characteristics are found on each component regularly
measured in condition-monitoring systems [50], [59], [60]. The shared commonly
measured characteristics for the abovementioned components are listed in Table 3.
The combined four characteristics in Table 3 give an overview of the operational status

of each component at any point in time.

Table 3: Commonly measured characteristics of critical mining equipment

Characteristic Description Unit

RuNNin Records the on (1) or off (0) status. It is commonly connected to the on-

status g off switch of the component or controlled by programmable logic —
controllers (PLCs) or SCADA.

Electrical Records the current drawn by the component. The value range is

TR specific to the component and can vary depending on the component A
type.
Records the temperature of the component at a specific place. The

Temperature °C

values differ depending on the component and the conditions.

Records the vibration experienced by the component. The vibration
Vibration experienced by a component is the sum of the vibration generated by mm/s
the component and caused by other components.

Measurements are never 100% error-free due to sensor accuracy, sampling rate, data
integration and sensor drift [61]-[65]. Another factor influencing data quality is the harsh
environment in which the sensors operate [49]. As a side effect, the condition of the
equipment deteriorates over time, which in turn could produce more errors [43]. When
sensors include errors in the measurements, even the best data source can become a

liability [19]. To mitigate these risks, the integrity of the data can be investigated.
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1.1.4 Data integrity and quality

Often used interchangeably, data quality and integrity are related, yet they are not the
same. Data quality describes the fitness or suitability of data and is specific to the use
thereof [6], [22], [31], [64]. Data integrity is the completeness of data compared to the
integrity of the objective world, requiring all data values to be in an objective and true
state and not empty [66]. Simply put, data integrity can be seen as the trustworthiness
of data [22].

Quiality data produces trustworthy knowledge; as a result, data quality can be used as
a building block towards data integrity [22]. As data quality is specific to the use of the
data, many dimensions exist to characterise data [1], [22]. These dimensions are
measurable data quality properties representing some aspect of the data [1]. Data
quality can be estimated using a combination of dimensions [67]. The most commonly
used data quality dimensions identified in literature are listed in Table 4
[1], [4], [6], [22], [28], [67]-[94].

As data quality is application-specific, deciding which dimensions to use is influenced
by the data and the application. With the increasing interest in data quality as a crucial
research topic, two main categories of data quality have been established, namely
intrinsic and contextual [28], [67], [71], [72], [76].
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Table 4: Common data quality dimensions

Dimension Description

Accessibility Is the data easily accessible, usable and retrievable?
Accuracy Is the data correct, objective, reliable, certified and validated?
Availability Is the data available?

Believability Is the data true and credible?

Completeness | Are all the values that are supposed to be in the collection there?

Compliance Does the data comply with regulatory and industry standards?
Consistency Is the data consistent and presented in the same format?
Integrity Is the data coherent?

Obijectivity Is the data unbiased, unprejudiced and impartial?

Relevance Is the data applicable to the task at hand?

Reliability Is the data correct and reliable?

How long does a change take to reflect between the real-world state and the

Timeliness .
corresponding data?

Validity Is the data within acceptable parameters?

Intrinsic data quality, also known as isolated data quality, refers to data analysed in
isolation and depends on the data itself without considering the context in which the
data is used [22], [28], [76]. Previous studies have successfully used intrinsic data

quality to detect faulty sensors, as described by Byabazaire et.al [90].

Contextual data quality takes other factors, such as the purpose of the data and
physical limitations, into consideration [22], [28], [76]. Adding context to the data

becomes paramount when combining different data sources [90].

As these two categories of data quality differ, different dimensions are used when
determining the quality. Common dimensions for each category are listed in Table 5
[6], [22], [67], [72], [84], [85], [90].

As seen in Table 5, the dimensions used to determine data quality vary depending on
the data used and the application. A more accurate result can be calculated by using
both methods. Thus, the combined integrity can be calculated by combining intrinsic

and contextual data quality methods [28].
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Table 5: Data quality dimensions used for different data categories

Dimension Intrinsic Contextual

Accessibility X
Accuracy X
Availability

Believability

X X X X

Completeness
Compliance
Consistency X
Integrity

Objectivity

Relevance

Reliability

Timeliness X

Validity

1.2 Need for the study
1.2.1 Research methodology

Based on the initial research from Section 1.1, further research was conducted to
identify literature related to the following topics:

e (data integrity,

e single-source condition-monitoring data,

e intrinsic data integrity,

e contextual data integrity, and

e condition-based maintenance in the mining industry.

A focus was placed on finding relevant literature through accredited search portals
and online libraries: IEEE Xplore, Google Scholar, Scopus, Science Direct, Springer
Link, and NWU online library. Literature found through the abovementioned portals
was considered if it met the following criteria:

e Was the study conducted in the past ten years?

e Was the study of high quality (journal, reviewed conference proceedings or
thesis)?
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After sufficient literature was identified, they were categorised according to the

following criteria:

e Did the study evaluate the integrity/trustworthiness of data?

e If the study evaluated data integrity, was it done intrinsically or contextually?
e Was the study done on condition-based maintenance data?

e Was the study conducted in the mining industry?

e Did the study have access to single-source or multi-source data?

The categorised literature was evaluated and only considered if it met at least one of
the above-mentioned criteria. During the evaluation, shortcomings were identified in
existing literature. Data integrity is commonly investigated in studies relating to data
stored in databases or the cloud environment. As such, studies that investigate the
integrity of condition-based maintenance data are scarce. The existing studies
investigating the data integrity of condition-based maintenance focus on either intrinsic
integrity or contextual integrity, never a combination of methods. This highlights the
need for using the combination of intrinsic and contextual methods to determine the

integrity of condition-based maintenance data.

Despite the increase in sensor availability and affordability, the mining industry seldom
implements multiple sensors to measure the same characteristic on a piece of
equipment, leading to predominantly single-source data. Combining single-source
data availability with the financial pressures of remaining profitable, a need was
identified to investigate the reliability of single-source condition-based maintenance

data to improve data-driven decision-making confidence.

A further need was thus identified to estimate the integrity of single-source condition-
based maintenance data using the combination of intrinsic and contextual integrity
methods to help with data-driven decision-making.
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1.2.2 Literature review

Using the research methodology described in Section 1.2.1, literature related to this
study was identified and is listed in Table 6.

Table 6; Literature review matrix

Data Data integrity System
- § § © ° E
S g ? © 2 £ 2 Q
Reference 8 3 E c% £ 8 8 E 3

(o1 I I
sa NN <
(49
8
3
2o
ER
6] v v v
[22] v v v
9 I 0 e
[94] v v
[70] v v
73 B
7 ]
[75] V4 v

Hamer [61] created a framework to evaluate the data quality of data used for tax-
rebate purposes from a measurement and verification perspective. The measurement
and verification process emphasises the quality of the data and promotes multi-source
data to ensure quality. For this study, Hamer discussed some of the common data
errors found in electrical measurement data in the mining industry and evaluated the

qguality from an intrinsic perspective.

Van Jaarsveld et al. [34] created a system to simplify the information retrieved from
single-source condition-monitoring data. They implemented the system in the mining

industry and used a variety of components in their case study, showcasing the
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genericism of their system. Unfortunately, they did not evaluate the quality of the data

used for the system.

Xu et al. [49] created a system to detect abnormal sections in condition-monitoring
data. Single-source data was used for their system; however, they did not use the data
guality dimensions when analysing the data streams. The system was implemented
on a case study for a wind turbine without indicating whether the system could be
applied to different components.

Laranjeiro et al. [1] thoroughly investigated data quality in the existing literature and
presented the results. They discussed data quality dimensions on both single-source
and multi-source data. Unfortunately, this was only an investigative study and was

limited to a literature review.

Gous et al. [63] investigated the quality of electricity data for measurement and
verification purposes. To ensure they evaluated the quality accurately, they used multi-
source data and investigated the quality from an intrinsic perspective. The system was
implemented on a case study; however, it was applied to a specific case and did not

discuss the system’s ability to be applied generically for different types of data.

Moges et al. [28] investigated the impact of data quality on decision making by taking
data context into account. They evaluated relevant literature to determine whether
contextual information should be stored in data warehouses and concluded that the

information should be investigated per case to establish whether it would be beneficial.

Madhikermi et al. [43] performed two case studies in which they investigated key data
guality pitfalls for condition-based maintenance data. The available data were
investigated for this study to determine where issues arose. Having access to multiple
data sources, the researchers discovered that data context was not fully applied in the

existing data, resulting in distinct datasets with no relation.

Goosen [6] created a system to determine the quality of single-source condition-based
maintenance data from an intrinsic perspective. Goosen developed the system using
existing literature and ultimately applied it to multiple components. She suggested that

contextual information would benefit the system.

J. N. de Meyer | Introduction



De Meyer [22] developed a software system to investigate the integrity of single-
source condition-based maintenance data. He applied the system to a case study
involving four different component types following a simplified contextual approach.
The results suggested that a combination of intrinsic and contextual methods should

be investigated.

Coetzee et al. [19] applied a system to multi-source electricity usage data to determine
the quality from an intrinsic perspective. They discussed a few common quality-
degrading occurrences and their impact on the overall dataset, which has various

ripple effects in the measurement and verification space.

Zhang [94] investigated a method to improve data quality in a big data environment. A
method was created and applied on a case study using single-source data and an
intrinsic approach to show how it can improve the data quality.

Ferney et al. [70] implemented a software system to evaluate data quality received
from an API°. They evaluated the single-source data from an intrinsic perspective

using three data quality dimensions: traceability, completeness, and compliance.

Lee [73] used an intrinsic approach to investigate data quality employing key concepts
such as measurement, traceability, and uncertainty. The researcher compiled a matrix
of data quality dimensions from other recent studies that could be used for her study.
Despite a simplistic method described to evaluate data quality, the author did not apply

it to a case study.

Juneja and Das [67] used existing literature to discuss the difference between intrinsic
and contextual data quality dimensions. Using the identified contextual dimensions,
they created a weather monitoring and forecasting application that accepts data from

multiple sources; however, it was not implemented on a case study.

Tian Hongxun et al. [75] created a method to assess the data quality for online
monitoring. Using this method, they evaluated single-source transformer power quality

data with an intrinsic approach.

5 API — Application Programming Interface
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1.2.3 Problem statement

From Table 6 and the literature review, the following shortcomings were identified:

a) There are limited studies that investigate the integrity of single-source

condition-monitoring data.

b) Although there is a fair split between intrinsic and contextual data quality

methods, no study was identified that uses the combination of these methods

to determine the integrity of single-source condition-based maintenance data.

c) When a system was implemented to evaluate data integrity, it was often

designed with a specific implementation in mind and was thus not reusable

across different applications.

Based on the gaps identified in the literature, it was determined that a formalised

estimation method to determine the overall integrity of single-source condition-based

maintenance data is lacking. There is also no available system design to

systematically determine the overall integrity of single-source condition-based

maintenance data, disregarding the component type.

1.2.4 Study objectives

To satisfy the aim of this study and address the identified shortcomings in literature,

the following objectives and sub-objectives were identified:

e Create a method for estimating the integrity of single-source condition-based
maintenance data.

o

Compile a list of usable intrinsic data quality methods:

» identify suitable methods from literature, and

= adapt methods, if needed.

Compile a list of usable contextual data quality methods:

= identify suitable methods from literature, and

= adapt methods, if needed.

Combine intrinsic and contextual data quality methods into a formalised
method.

e Develop a software system design that estimates the integrity of single-source
condition-based maintenance data.

o

o

Implement newly created method into a software system design
Create a software system using the design

o Verify the software system

O

Implement the software system on case studies
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1.3 Novel contributions
This study proposes two novel contributions to address the need identified in
Section 1.2. Each novel contribution is discussed in four sections, namely:

e problem statement,

¢ limitations of existing research,
e research question, and

e contribution of this study.

1.3.1 Novel contribution 1

A method to estimate the integrity of single-source condition-based
maintenance data using the combination of intrinsic and contextual

data integrity methods

Problem statement

The South African mining industry is under financial pressure to remain profitable. To
reduce unnecessary expenditure, maintenance schedules can be optimised by using
condition-based maintenance; however, for this to be effective, reliable data is needed.
Due to financial constraints, single-source data is often more accessible due to the
limitation of expensive measuring equipment. Data reliability can be estimated from
both an intrinsic and contextual perspective, each favouring different data quality
dimensions. However, a combined method using both intrinsic and contextual

methods do not exist.

Limitations of existing research

As data reliability becomes essential, the topic becomes more widely researched.
However, few studies have focussed on the reliability of condition-based maintenance
data in the mining industry. Applying the restriction of only having single-source data
available further limits the number of studies. Analysing data, especially at high
resolution and frequency, requires substantial resources and costs. As a result,
analysing data from an intrinsic perspective can reduce the time and resources
required. Expert knowledge of equipment and their working is required to analyse data
effectively in context, which is scarce and costly. Thus, most current studies that focus

on the reliability of condition-based maintenance data in the mining industry focus on
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the intrinsic reliability of data. From the literature review, few studies focus on
contextual reliability, and no studies focus on combining intrinsic and contextual data-

integrity methods.

Research question

Is it possible to create a simplified method that estimates the reliability of single-source
condition-based maintenance data using the combination of intrinsic and contextual

data-integrity methods?

Contribution of this study

Existing data quality dimensions were identified from the literature and categorised
depending on whether they are used for intrinsic or contextual data integrity
perspectives. For intrinsic reliability, equations were compiled from the data quality
definitions and existing studies. The relations between different characteristics were
investigated for contextual reliability. Representative equations were derived from
existing literature and knowledge on how standard mining equipment operates. An
equation was compiled to combine the intrinsic and contextual data-integrity methods.
These equations form a method to estimate the reliability of single-source condition-

based maintenance data.

1.3.2 Novel contribution 2

A software system design that estimates the integrity of single-
source condition-based maintenance data using the combination of

intrinsic and contextual data integrity methods

Problem statement

Data is becoming a vital asset for businesses due to advancements in technology and
a drive to a data-driven world. For businesses to extract valuable knowledge and gain
better insight, the data must be reliable as using unreliable data, and the knowledge
extracted therefrom, can lead to serious negative financial implications. Various
factors have placed the South African mining industry under severe pressure to remain
profitable. Condition-based maintenance can improve maintenance schedules and

reduce unnecessary downtime. However, as mentioned above, reliable data is
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required for the derived maintenance recommendations to be accurate and efficient.

Analysing the required large data streams in real-time is resource-intensive.
Additionally, single-source data is often more widely accessible. Expert knowledge is
required to analyse the data as mining machinery is complex and often forms part of

more extensive inter-connected systems.

Limitations of existing research

From the literature review, it was found that few studies focus on single-source
condition-based maintenance data reliability. From the studies identified, software
systems are often recommended as they are more efficient at analysing large
guantities of data and can be left unattended with repeatable accuracy. However, to
improve the accuracy of the software systems, they are generally designed for a
specific dataset or machine. This requires expert knowledge of the specific dataset or
machine to calibrate the software system accurately. Obtaining this expert knowledge
can be challenging and comes at a cost. Current studies do not investigate a simplified

software design that would negate the need for in-depth expert knowledge.

Research question

Can a simplified software system be designed to estimate the reliability of single-
source condition-based maintenance data and remove the need for expert knowledge
by using equipment behaviour estimations that can be applied to various types of

machines?

Contribution of this study

This study proposes a generic software system design to estimate the reliability of
single-source condition-based maintenance data using the combination of intrinsic
and contextual data integrity methods. The proposed design can be applied to any
machine, regardless of type or industry, providing it meets the criteria for
implementation. The design abstracts the implementation by suggesting technology

types instead of specific technologies.
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1.4 Dissertation layout

Chapter 1 introduced the key concepts that are relevant to this study. Following the
background, a literature review identified several shortcomings. These shortcomings
highlighted a need for the study and formalised a problem statement. From the
problem statement, study objectives were defined, and the novel contributions of this

study were discussed.

Chapter 2 discusses the design of the method and software system as identified in the
study objectives and novel contributions. In this chapter, existing methods from
literature and new methods are discussed. How they address the identified need will

be explored.

Chapter 3 elaborates on how the software system designed in Chapter 2 was
implemented on various case studies. This chapter discusses the results obtained

from the case study implementations and analyses the system performance.

Chapter 4 concludes with a summary of the study and highlights how and where the

objectives were addressed along with recommendations for future studies.

J. N. de Meyer | Introduction



Chapter 2 I

Design of proposed
method and software
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2.1 Introduction

Chapter 2 defines the methodology used for this thesis and is divided into six sections.
Section 2.2 lists the scope and restrictions applicable to this study and establishes the
conditions for this study. Section 2.3 discusses the methodology used for this study
and illustrates where the study objects identified in Section 1.2.4 will be addressed.
Section 2.4 consists of the investigation into the literature to identify existing data
guality methods that can fulfil the study objects and suggests new methods that can
potentially fill the gaps.

Section 2.5 proposes a method to estimate the integrity of single-source condition-
based maintenance data. The proposed method is then applied to a software system
design that can be used to determine the integrity of single-source condition-

monitoring data. Section 2.6 concludes the chapter and summarises the main points.

2.2 Study restrictions
In Section 1.2.3, three main shortcomings were identified, namely:

e alack of literature for investigating the integrity of single-source condition-based
maintenance data,

e no recorded method of using the combination of intrinsic and contextual data
quality methods to determine the overall data integrity, and

e systems that estimate data integrity are scenario-specific and are not
implementable for a range of components.

This chapter will address these shortcomings; however, some restrictions will be
applied to define an achievable scope. Single-source condition-based maintenance
data typically found in the mining industry will be used when considering data. This
limits the data structure and range of possible values. Data access for case studies
and results are also limited to the mining industry. Secondly, when considering
components, the four components identified in Section 1.1.3 will be used, namely
pumps, fans, compressors, and fridge plants. Thirdly, only the four commonly
measured characteristics identified in Section 1.1.3 will be considered: running status,

electrical current drawn, temperature, and vibration.

For the aim of this study, the organisational structure of mines will be simplified and

represented by a generic structure. Figure 1 illustrates this generic organisational
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structure and the terminology used throughout this study and how they relate to each

other.

[System] {System]

v v v

[Characteristic} [Characteristic] [Characteristic]

) 4 4 \ 4
Data Data Data
stream stream stream

Figure 1: Simplified organisational diagram

Starting from the top and moving down, the structure refers to the following:

A company is the highest level of an organisation.

A site represents a mine that belongs to the company. Each company can have
multiple sites, which can be located throughout the world.

Every site comprises multiple systems, each with its own focus. In the case of
a mine, these systems include ventilation, cooling, pumping and refrigeration.
Components refer to the equipment or machines used within the system.
Systems can have multiple components of the same type linked to them. For
example, a cooling system can have multiple fridge plants or chillers.

Every component has multiple characteristics monitored by sensors as part of
condition monitoring. The data generated for these characteristics will be used
when maintenance schedules are calculated using condition-based
maintenance.

Every characteristic being measured produces a data stream. Due to this study
focussing on single-source data, each characteristic is assumed only to have
one data stream linked to it.

This generic structure ensures that the methods developed in this study can be applied

to any mine that uses a similar structure. In certain circumstances, these methods can

also be applied to organisations outside the mining industry that follow a similar

organisational structure, such as the vehicle and food manufacturing industries.

J. N. de Meyer | Design of proposed method and software



2.3 Methodology

To address the objectives identified in Section 1.2.4, Figure 2 was created by
expanding on the methodology used by de Meyer [22]. The methodology described in
Figure 2 identifies four main sections, namely investigate, design, verification, and
implementation. The investigation section comprises research into and adaptions of

existing methods to estimate data integrity and are discussed in Section 2.4.

The design section entails the design of a software system that will use the methods
identified in the investigation section to estimate the integrity of data and is discussed
in Section 2.5. The verification section will focus on the calibration and testing of the
software system to ensure that it is functioning as expected and will be discussed in
Section 3.2. Lastly, the implementation section will elaborate on how the system is
implemented and the results obtained. The implementation section will be discussed

in Chapter 3.

Investigate
Investigate Compile Compile Compile Define
existing > intrinsic » contextual —» combined > new
methods methods methods method method
Design
Create |, Create |, Obtain |,
system | models | data |
Verification
¥
Verify Faulty | ypdate Implement
»<_ reliability —
models
output
Correct Correct Monitor
.| Update | | output
"l  system
Implementation

Figure 2: Methodology diagram

J. N. de Meyer | Design of proposed method and software



2.4 Investigation

This section investigates and adapts existing methods implemented in literature for
intrinsic, contextual, and combined data integrity. Throughout the section, equations
are introduced with some equations defining variables to represent upper- and lower
limits. The limit variables are variably defined, and the value can differ depending on
operational conditions, component type and component condition. This is done to
abstract hard limits and convey that the values in the equations should be bound by
realistic values, allowing the equations to be more generic and applicable to different

component types.

2.4.1 Intrinsic integrity

The following data quality dimensions were selected from Section 1.1.4 to calculate
the intrinsic integrity:

e accuracy,

e availability,

e completeness, and

e validity.

A presence attribute can be evaluated using Equation 1, which describes how many

data points are present for a specified dataset.

Pz{l,ifNA;tNE

Equation 1
0, otherwise 9

where
e P isthe presence attribute score,

e N, is the number of data points available for a range, and
e N is the number of data points expected for the range as dictated by the data
source and data resolution.

Equation 1 can be used as described by Equation 2 to calculate the completeness
dimension,
Ir=P Equation 2

where
e [ is the intrinsic completeness score, and

e P s the presence attribute.

Hanging data are consecutive data points with the exact same value where the values

are expected to differ and represented by the hanging attribute described by
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Equation 3. Hanging data is not applicable to all data sources as some data is

expected to have consecutive repeating values, such as in the case of Boolean data,
for example running status data.

H = {1: f Xi = Xi—1 = Xij—p = Xj_3 = Xj_4

0, otherwise Equation 3

where
e H is the hanging data attribute,

e x is the value of a data point, and
e i isthe position of the data point.

Simply put, if the current value and the previous four values are the same, then the
values are hanging. The availability dimension can be calculated by the combination
of Equations 1 and 3 as described by Equation 4.

_(LifP=1orH=1 :
Loy = { 0, otherwise Equation 4

where
e [, is the intrinsic availability score,

e P s the presence attribute, and
e H is the hanging data attribute.

To calculate the accuracy dimension, contextual information regarding each data
stream is needed with regards to itself. This contextual data includes information such
as what the data stream is and what the values can be. This ensures that the data

stream can be accurately evaluated in isolation and achieved using Equation 5.

_ {0; if Llower < chrrent < Lupper

l,. = Equation 5
Ac 1, otherwise g

where
e I, isthe accuracy score for a data point,

e Li,wer IS the lower limit of possible values a specific data stream can reach,
o V..rent 1S the value of the measured data point at any given point in time, and
® Lypper IS the upper limit of possible values the data stream can reach.

Similarly to the accuracy dimension, the validity dimension uses contextual information
with regards to itself to calculate whether a data point is valid and is achieved by using

Equation 6.
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Equation 6

[ = {0; if Liower < Vewrrent < Lupper
v 1, otherwise

where
e [, is the validity score for a data point,

e Li,wer IS the lower limit of possible values a specific data stream can reach,
o V.urent 1S the value of the measured data point at any given point in time, and
® Lypper IS the upper limit of possible values the data stream can reach.

Equations 5 and 6 correlate closely to one another. The validity dimension is described
as whether data is within acceptable parameters, as illustrated by Equation 6. The
accuracy dimension is described as whether the data is correct and reliable. For data
with no additional information apart from limits that define which values are possible,
Equation 5 represents a best-case estimation of the accuracy dimension. If the
accuracy dimension were considered from a contextual perspective, additional

information would be available to expand on Equation 5.

Each of the data quality dimensions can achieve a score of zero or one. To calculate
the total intrinsic integrity for a data stream, the sum of each dimensional score is

compared to the maximum achievable score as described by Equation 7.

R, = {O, iflc=1orl, =1 mj Ly,=1lorl, =1 Equation 7
1, otherwise

where
e R, is the total intrinsic reliability score,

e . is the completeness score,
e [,, is the availability score,

e [I,.isthe accuracy score, and
e [, is the validity score.

Ultimately, if any individual dimension is identified as unreliable, the data point is
considered unreliable from an intrinsic perspective and receives zero value.
Conversely, if all dimensions indicate reliability, the data point is seen as reliable from

an intrinsic perspective and receives value one.
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2.4.2 Contextual integrity

The following data quality dimensions were identified in Section 1.1.4 to calculate
contextual integrity:

e Dbelievability,

e integrity, and

e reliability.

Context should be added to the characteristics to estimate these dimensions, and the
relations between the different characteristics should be established to determine the
context of each characteristic. As mentioned earlier, each component has four unique
characteristics measured and will be used for this study. These characteristics relate

illustrated in Figure 3.
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Figure 3: lllustration of relations between measured characteristics

Figure 3 shows how each characteristic is linked to the other three. These
relationships may be understood by evaluating each characteristic during both
component operation and component out-of-operation states. When a component is
running, it draws an electrical current, so it is expected that both the temperature and
the vibration will increase to a specific steady value. Conversely, when a component
is not running, it cannot draw an electrical current, so it will start to cool down and will
vibrate less.

By evaluating components for both in-operation and out-of-operation conditions,
relationships between characteristics can be described with more context. This
additional information allows the expansion of equations that describe the

relationships and aids in minimising situations that are not catered for by the
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equations, ultimately increasing the robustness of the equations. Additionally, by

considering the operational state of the component, false-positives on three
characteristics (electrical current, temperature and vibration) can be avoided by
identifying the problem in another characteristic (running status).

The equations presented below aim to simplistically represent the working of
components to reduce the expert knowledge needed to understand how each
component works. The relations between the characteristics, with varying severity of
characteristic value changes, should remain regardless of component operation
conditions resulting in the equations remaining applicable for both transient-state and
steady-state conditions.

Throughout this section, equations are presented to simplistically represent the
relations between the characteristics of components. By combining these equations,
components can be simplistically represented and reduce the expert knowledge
needed to understand their working, making them applicable to a wider range of
components at the cost of reduced accuracy in representing each component’s
specific operation.

Equations 8 and 9 describe the relationship between the electrical current drawn and
the component running status. The value of the component status should be a Boolean
value to more precisely indicate when a component is on (1) and when the component
is off (0). To this end, any applicable measurement can be used to indicate running
status if it is given in Boolean form, for example the on or off signals of a component

motor drive or circuit breaker status.
Ecyrrent > 0, when Rstatus = 1 Equation 8

Ecurrent = 0,when Rgqys = 0 Equation 9

where
o FE_.rent IS the electrical current drawn, and

e  Rgqatus IS the running status of the component.

Equations 10 and 11 describe the relationship between temperature and the

component running status.
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Tambient < Tcurrent = ton X Tgain + Tambient < Tlimit ’ when Rstatus =1 Equation 10

Tambient < Teurrent = Lorr X Tioss + Tambients When Rgpqrys = 0 Equation 11

where
o T.mpien: 1S the ambient temperature at the component,

o T..rrent IS the current temperature of the component,

e t,, IS the duration for which the component has been running,

e Tyain is the rate at which the temperature of the component increases while in
operation,

e o5 is the time the component has been switched off,

e T, IS the rate at which the component cools down,

® Tumic 1S the safety limit of the component where it is switched off, and

e Rt IS the running status of the component.

The values of T,q;, and Ty, are calculated for each component individually using
either historical data or data collected during sensor installation. To estimate Ty;,, the
rate at which the temperature of a component increases from an “off’ state to an “on”
state should be calculated. Conversely, to estimate T),,;, the rate at which the
temperature of a component decreases from an “on” state to an “off” state should be
calculated.

Equations 12 and 13 describe the relationship between vibration and the component

running status.
Venvironment < chrrent < Vlimitr when Rstatus =1 Equaﬂon 12

Venvironment = chrrent» When Rstatus = 0 Equatlon 13

where
o Vewironment 1S the vibration experienced by the component caused by external

factors,
o V..rrent 1S the current vibration measured on the component,
o Viimit IS the safety limit of the component where it is switched off, and

e Rgqtus IS the running status of the component.

The value of V,,ironment Should be estimated during sensor installation and/or
calibration. Prior to connecting the vibration sensor to the component, it should be

calibrated to zero. Once connected to the component, the value measured by the
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sensor during the “off” state of the component can be used as an estimation of the

environmental vibration.

Applying Newton’s law for the conservation of energy to the component, it can be

assumed that, when the component draws electrical current, it will convert some of

that energy into heat and kinetic energy, resulting in a temperature rise and an

increase in vibration. Conversely, when a component stops drawing electrical current,

it will eventually cool down and vibrate less. Equations 14 and 15 describe the

relationship between temperature and electrical current drawn.

Tambient < Tcurrent = tenergy cons X Tgain + Tambient: when Ecurrent >0 Equation 14

Tambient < Tcurrent = tlast consumed X Tloss + Tambient: When Ecurrent =0 Equatlon 15

where
[ ]

Tampient 1S the ambient temperature at the component,

T..rrent 1S the current temperature of the component,

tenergy cons IS the duration for which the component has been drawing electrical
current,

Tyain IS the rate at which the temperature of the component increases when in
operation,

tiast consumea 1S the time since the component last drew electrical current,

T0ss 1S the rate at which the component cools down when not in operation, and

E ..-rent IS the electrical current drawn by the component.

Equations 16 and 17 describe the relationship between vibration and electrical current

drawn.

where

Venvironment < chrrent < Vlimit: when Ecurrent >0 Equation 16

Venvironment 2 VC'LLT‘T'@TLt' When Ecurrent = 0 Equatlon 17

Venvironment 1S the vibration experienced by the component caused by external

factors
V.urrent 1S the current vibration of the component,
Viimit IS the safety limit where the component will be shut off, and

E..-rent 1S the electrical current drawn by the component.
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Evaluating Equations 16 and 17, a strong correlation between vibration and electrical

current drawn is observed. When a component is in operation, i.e., drawing electrical
current, it is expected to experience vibration. Conversely, when a component is not
in operation, only the vibration in the environment should be experienced. From this
relationship, it can be assumed that similar relationships will exist between
temperature and electrical current and between temperature and vibration, resulting

in Equations 18 and 19.

Tambient < Tcurrent = tvib exp X Tgain + Tambient' when chrrent > Venvironment Equation 18

Tambient < Tcurrent = tlast vib X Tloss + Tambient' when chrrent = Venvironment Equatlon 19

where
o T.mpien: 1S the ambient temperature at the component,

o T.urrent 1S the current temperature of the component,

* tupexp IS the duration for which the component has been experiencing
vibration,

e T,

operation,

q«in 1S the rate at which the temperature of the component increases when in

® tustvip 1S the time since the component last experienced vibration,
e T, is the rate at which the component cools down when not in operation,
e V.urrent 1S the vibration experienced by the component, and

o  Venvironmene 1S the vibration in the environment.

Using Equations 8 — 19, it can be seen that characteristics influence one another,
which is essential to consider when evaluating the reliability of the data from a

contextual viewpoint.

Using the relations described in Equations 8 — 19, each data stream can be compared
to the data of the other three characteristics. A truth table can be compiled, as

illustrated in Table 7.
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Table 7: Truth table used for contextual data reliability calculations

Characteristic evaluated

Running Current Temperature Vibration
o Running - True/False True/False True/False
g 2
T © Current True/False - True/False True/False
58
S g Temperature True/False True/False - True/False
£ a
®)

Vibration True/False True/False True/False =

The truth table compares the reliability of each characteristic from the view of a
different characteristic. From this table, the reliability of the data point is calculated

using Equation 20:

Sreceived

R, = = 0.6, where Sycceivea = 2 and Syiyen = 2 and Sgipen # 0 Equation 20

given
where

e R. is the contextual reliability of the data point,

o Sreceivea 1S the number of high-reliability scores (T) for the characteristic
awarded by the other three characteristics, listed in the characteristic column,
and

e S,

characteristics by this characteristic, listed in the characteristic row.

iven 1S the number of high-reliability scores (T) given to the other three

If R, = 0.6, then the value will be rounded up to one and is classified as reliable.
Otherwise, it will be rounded down to zero and be seen as unreliable. For a data point
to be seen as reliable, it should consider other data points reliable and be considered
reliable by other data points. Considering the reliability of a data point from both
perspectives, only data points that fit into the component's context should be classified

as reliable.

To this end, the ratio between the scores received and given should be greater than
60%. This percentage was chosen to eliminate the majority of:

¢ low-performing data points from both perspectives, and
¢ high-performing data points from a single perspective.
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Additionally, the given and received scores should be at least two to reduce the

number of falsely classified high-reliability data points. The data points that are seen
as reliable are illustrated in Table 8, where each cell indicates the ratio of scores given

and received as described in Equation 20.

Table 8: Contextual integrity acceptable score ratio

Score received
0 1 2 3
0 X X X
Score 1 X X X X
given 2 X X v v
3 X X v v

2.4.3 Combined integrity

The combined reliability of each data point is the sum of its intrinsic and contextual
reliability scores, Equations 7 and 20, respectively, as illustrated by Equation 21:

R, +R
:M<1

5 < Equation 21

0<R;

where
e Ry is the combined reliability of a data point,

e R, is the intrinsic reliability, and
e R is the contextual reliability.
For a data point to be considered reliable, R; should have a value of one. If the value

is less than one, it will be rounded to zero and considered unreliable.

2.5 Design
A software system was designed to verify the method discussed in the previous

section.

2.5.1 Data collection

Condition-based maintenance data is recorded at the mine by means of a data

collection process. A simplified data collection process is illustrated in Figure 4.
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Figure 4: Diagram illustrating the data collection process for condition monitoring

Each component in the organisational structure is monitored as part of a monitoring
system, such as a supervisory control and data acquisition (SCADA) system. This
monitoring system captures the characteristic values of the component and sends
them to a database. Once the data is in the database, it can be used by authorised

systems and personnel.

2.5.2 Dataformat

Measurements for the different characteristics are saved to the database in a set
format as determined by the data collection process. This study will assume that the
measured characteristic data will be saved into a NoSQL® database using a tag-value
document structure. A tag document represents the data stream for a measured
characteristic for a specific component, e.g., a data stream for measuring the temperature

for Component A on Site B can have a tag named “SiteB_ComponentA_Temp”.

A value document represents the measured data point for a specific characteristic for
a specific component at a certain point in time. Each tag document can have multiple
value documents; however, a value document can only be linked to one tag document.
Both tag and value documents make use of the BSON’ format. The tag document
structure and the value document structure are discussed in Table 9 and Table 10,
respectively.

6 Non-relational database
7 Binary JSON
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Table 9: Breakdown of tag document attributes

Attribute Description Data type
_id Unique identifier for the entry. Objectld
Name User-friendly name. String
Interval Describes the data resolution for this tag. JSONSE object
Unit Unit in which the measurements are taken. String
Source Source from which this tag receives data. String

Table 10: Breakdown of value document attributes

Attribute Description Data type
_id Unique identifier for the entry. Objectld
Timestamp = Timestamp for when this measurement was taken. DateTime
Value Numeric value captured by the monitoring system. Double
TagID Tag ID to which this value belongs. Objectld

Depending on the monitoring system and the installed sensors on a mine, different
measurements can be taken and monitored. For this study, the focus will be placed
on the four main characteristics identified in Section 1.1.3. Each characteristic will

have its own data stream, namely a tag document and multiple value documents.

For the system to work with data streams in context on a component level, the
component configuration must be accessible. An SQL® database will be used as this

is configuration data and represents the relations between the different characteristics.

Six tables will be required to store the data. Three tables are required to store the
company, site, and system information. There are tables to link the tags in the NoSQL
database to the SQL database, configure components, and link tags as characteristics

to components. A table layout is illustrated in Figure 5 and discussed in Table 11.

8 JSON = JavaScript Object Notation
° Relational database
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System Site
1 y 1 Company
1
~— PK | ID PK | ID
- - PK | ID
Name Name
) N N Name
FK | Site_ID FK | Company_ID
Component Component Link Tag Tag
1 M 1
PK | ID PK | Component ID J— PK | ID
N
MName PK | Tag_ID Mame
Type Characteristic Impossible

Ambient Vibration

Impossible_Upper

Enabled Impossible_Lower
"=N— FK | System_ID Hanging
FK | Company_ID
Figure 5: SQL database design

Table 11: Breakdown of SQL database desigh components
Table Description
Company Describes the company to which all the information belongs.
Site Describes the sites linked to a specific company.
System Describes the systems linked to a specific site.
Component Represents the component to be analysed.
Tag Adds additional context to the values measured for a specific characteristic.

Component Link Tag

Links data streams as characteristics to components.

2.5.3 Models

A simplistic model will be used to generically represent components to decouple the
system from only working with specific component types. This ensures that the system
is not restricted to simply working with specific components if the operation of the
component can be described with Equations 8 — 19 in Section 2.4.2. The layout for the

generic component model used by the system is discussed in Table 12 and mimics

the layout of the relational database tables.
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Table 12: Software system model layout

Attribute Description Data type
ID Unique identifier for the component. Unsigned integer
Name Name of the component. String
Type Component type. Enum
Ambient Vibration =~ Ambient vibration measured for the component. Double
RUNAi Tag linked as a running-status characteristic data Characteristic
unning
stream. class
Tag linked as an electrical current characteristic data -
Current Characteristic class
stream.
Temperature Tag linked as temperature characteristic data stream. Characteristic class
Vibration Tag linked as vibration characteristic data stream. Characteristic class
SystemID Reference to specific system. Unsigned integer
Enabled Indicator of whether the component should be analysed. Boolean

Each of the linked characteristic data streams are represented by a custom class

named “Characteristic class”, which is represented by the “Tag” table in Figure 5 and

described in Table 13. Using this generic component model, the system can apply the

method designed in Section 2.4 provided the model is calibrated correctly.

Table 13: Software system model custom class layout

Attribute Description Data type
Unique identifier for the tag and reference to the tag .

ID . . String
in the non-relational database.

. Indicator of whether the data stream should be

Hanging . Boolean
checked for hanging values.

Impossible Indicator of_wheth_er the data stream should be Boolean
checked for impossible values.

Impossible_Upper Upper limit that the data stream may never exceed. Double

Impossible_Lower Lower limit that the data stream may never exceed. | Double

Company_ID

Reference to the company.

Unsigned integer

2.5.4 System

An overview of the proposed software system is displayed in Figure 6. The system will

consist of three main components, each serving a different purpose, as discussed in

Table 14. The SQL and NoSQL component designs are discussed in Section 2.5.2

above.
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Figure 6: Overview of the proposed software system

Table 14: The main components in the proposed software system

Component Type Purpose
SQL Relational database Stores configuration data
Data Integrity System Application Calculates data integrity

Store characteristic data and integrity

NoSQL Non-relational database .
analysis results

The data integrity system uses the method proposed in Section 2.4 to determine the
data integrity, shown schematically in Figure 7. The system comprises three steps:

calculating intrinsic integrity, contextual integrity, and combined integrity.

Calculate
» contextual
integrit
grity Calculate
» combined
integrity
Calculate
> intrinsic —
integrity

Figure 7: Diagram illustrating the overview of the data integrity system

Calculating intrinsic integrity
A sequence of steps was developed to calculate the data integrity for an intrinsic
approach using the methods identified in Section 2.4.1. The steps are shown

schematically in Figure 8 and described in Table 15.
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Figure 8: Diagram of system flow for intrinsic integrity calculation

Table 15: Description of the intrinsic data quality steps

Stage Description LN Dimensions
used
Pert hangi heck Indicates whether the system should
erform hanging chec evaluate a data stream for hanging data
: Check whether a data stream has Accuracy,
Check for hanging data . 2 -
repeating values Validity
Check for impossible Check whether a data stream exceeds Accuracy,
o 4,5 -
data certain limits Validity
Check f lier d Check whether data points conform to Accuracy,
eck for outlier data T 4,5 Validity
Evaluates the number of data points Completeness,
Calculate overall score 1,3

and calculates the overall score

Accessibility

Finally, the results from each calculation are used, and a final score is calculated using

Equation 7. Whilst the system calculates the intrinsic integrity, it also performs

calculations to determine contextual integrity.
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

Calculating contextual integrity

The process followed to calculate the contextual integrity is illustrated in Figure 9 and
makes use of the methods identified in Section 2.4.2. Figure 9 illustrates how the
system calculates the contextual integrity for single-source data. Firstly, the system
retrieves the component information from the relational database, as discussed in

Get -
Normalise Calculate
component —» > .
) . data sections
information |

Y A 4 A 4 A 4

Figure 5.

Compute from Compute Compute Compute
temperature from running | | from vibration from current
perspective perspective perspective perspective

h 4

Compile Flag low
integrity integrity points
tables from tables

Figure 9: System flow for calculating contextual integrity

Y

Next, the system uses the component information to retrieve each characteristic data
stream linked and normalises the data. By normalising the data, the system can divide
the data streams into sections with increasing, decreasing, or flat gradients, as

illustrated in Figure 10.

1.6
14
12

1.0

Unit

0.8

0.6

0.4

0.2

0.0
00:00 04:00 08:00 12:00 16:00 20:00

Time of day

Emm [ncreasing | Flat = Decreasing @ - Normalised value

Figure 10: lllustration of normalised value sections
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Each section is then evaluated from each characteristic perspective using

Equations 8 — 19 to check for contradictions to relations described in the equations.
Once all the sections have been analysed, the results are stored in a truth table as
described by Table 7. Using this table, low-integrity data points are identified and
flagged using Equation 20.

Each of the four characteristics has a different relation to the other characteristics;
thus, calculating the integrity of a data point from each characteristic perspective
needs a different approach for each data point — a characteristic approach. Each
characteristic perspective is calculated in the same general way, namely calculating

the sections, then evaluating them one at a time.

Figure 11 illustrates how characteristic data streams are analysed and divided into

different data sections, as discussed in Table 16.

Table 16: Characteristic section analysis

Section Description

Flat There is almost negligible variation between data points and the group
a
of data points can be represented by a flat line.

" ; There is a positive variation between data points and the group of data
Positive/lIncreasing ; i i - i i
points can be represented by a line with a positive/increasing gradient.

) ) There is a negative variation between data points and the group of data
Negative/Decreasing ) ) ) ) i )
points can be represented by a line with a negative/decreasing gradient.

After dividing the data into sections, each section is evaluated. Due to the differences
between characteristics, each section for each characteristic is evaluated differently.
Each characteristic section evaluation is described in more detail, with flow diagrams,

in its’ corresponding section.

Thus, for each of the characteristics, the generic flow diagram illustrated in Figure 11
is used in combination with the characteristic-specific evaluation flow diagrams, linked
by letter indicator, as discussed in the subsequent sections. For example, when
analysing running status data, Figure 11 is used for the evaluation process, Figure 12
is used to evaluate flat sections (A), Figure 13 is used to evaluate positive sections (B)

and Figure 14 is used to evaluate negative sections (C).
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Figure 11: Overview of characteristic contextual integrity calculations
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Running status

The running status indicates whether a component is running or not. From the running
status perspective, there is one main section, namely the flat section, as switching a
component from the on status to the off status and vice-versa is nearly instantaneous,
creating only short-lived positive or negative sections. The behaviour of each
characteristic from the perspective of the running status was derived from Equations
8-13. Figure 12 illustrates how characteristics are flagged during flat sections of the
running status, with Table 17 describing the expected behaviour of each characteristic
to be classified as high integrity. The classification of characteristics during positive
and negative sections are illustrated in Figure 13 and Figure 14, respectively. The
expected behaviour of characteristics to be classified as high integrity are described
in Table 18.

Table 17: Running status perspective flat section evaluation

Rsutr;?l;r;g Characteristic Expected behaviour Equation
Electrical current | Positive and greater than zero. 8
On Temperature Positive and greater than ambient temperature. 10
Vibration Positive and greater than environmental vibration. 12
Electrical current  Zero. 9
Off Temperature Positive and decreasing towards ambient temperature. 11
Vibration Positive and decreasing towards environmental vibration. 13

Table 18: Running status perspective positive and negative section evaluation

Section Characteristic Expected behaviour Equation
Electrical current | Positive and increasing. 8,9

Positive | Temperature Positive and increasing. 10, 11
Vibration Positive and increasing. 12,13
Electrical current  Positive and decreasing. 8,9

Negative Temperature Positive and decreasing. 10,11
Vibration Positive and decreasing. 12,13
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Figure 12: Contextual integrity flow of flat sections for the running status
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Figure 13: Contextual integrity flow of positive sections for the running status
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Figure 14: Contextual integrity flow of negative sections for the running status
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Electrical current

Electrical current can indicate whether a component is in use or not, indicated by a
positive, non-zero, or zero, value respectively. During the operation of a component,
the electrical current drawn can differ depending on various factors, such as load.
Thus, it is expected that the electrical current characteristic will be comprised of
various flat, positive and negative sections. The behaviour of characteristics from the
perspective of the electrical current is derived from Equations 8-9 for the running
status, Equations 14-15 for temperature and Equations 16-17 for vibration. From the
electrical current perspective, flat section calculations are illustrated in Figure 15,
positive section calculations in Figure 16 and negative section calculations in Figure
17. Stages from the figures above are described in Table 19, detailing how

characteristics are classified as high integrity.

Table 19: Electrical current perspective characteristic evaluations

Section = Characteristic = Expected behaviour Equation
Running Zero if electrical current is zero and one if electrical 8.9
status current is greater than zero. '

Flat Temperature Near static value 14,15
Vibration Near static value 16,17

One if the electrical current slope is below a defined

Running threshold and electrical current un-normalised value does 8.9
status not start at zero. Otherwise, it increases from zero to '
" one.
Positive
Increasing if electrical current is increasing by more than
Temperature . g . gby 14,15
a defined threshold, stable otherwise.
Vibration Increasing. 16,17
. Value unity the electrical current slope is above a defined
Running .
threshold, and electrical current does not go to zero. 8,9
status L
Otherwise, it should go from one to zero.
Negative Decreasing if electrical current decreases faster than a
Temperature . . 14,15
defined threshold, stable otherwise.
Vibration Decreasing. 16,17
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Figure 15: Contextual integrity flow of flat sections for electrical current
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Figure 17: Contextual integrity flow of negative sections for electrical current
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Temperature

Temperature is the most volatile characteristic and fluctuates regularly, resulting in an
abundance of the three section types. Like the electrical current, the temperature is
influenced by internal and external factors. However, unlike electrical current, the

temperature does not go down to zero when a component is switched off.

To simplify the identification process from the temperature perspective, a threshold
temperature is assumed to act as an indicator of when the component is switched off.
This threshold temperature can vary depending on the component and the conditions
in which it operates. Normally, an ambient temperature of 25°C would be used,
however, this study focusses on the mining industry in which ambient temperatures
are generally higher. Thus, for the purpose of this study, a threshold temperature of
30°C is assumed.

Categorising characteristics from the temperature perspective uses Equations 10 and
11 for running status, Equations 14 and 15 for electrical current and Equations 18 and
19 for vibration. Figure 18 illustrates how flat sections are evaluated, and reliable
characteristic behaviour is discussed in Table 20 for this section. Positive and negative
section evaluations are illustrated in Figure 19 and Figure 20, respectively. The
expected reliable behaviour for characteristics in these sections is discussed in Table 21.

Table 20: Temperature perspective flat section characteristic evaluation

Temperature Characteristic Expected behaviour Equation
Running status One. 10,11

A3l::)o%e Electrical current Normalised value is one. 14,15
Vibration Greater than environmental vibration. 18,19

Running status Zero. 10,11

%%l?(\:N Electrical current Zero. 14,15
Vibration Less than environmental vibration 18,19
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Table 21: Temperature perspective characteristic evaluation for positive and negative

sections
Section Characteristic Expected behaviour Equation
Running status One or the previous value had to be one. 10,11
Positive | Electrical current Positive and increasing. 14,15
Vibration Positive and increasing. 18,19

Value unity if the temperature decreases with
less than a defined threshold and the un-

RTINS normalised temperature is above a defined L0
Negative threshold, zero otherwise.

Electrical current Positive and decreasing. 14,15

Vibration Positive and decreasing. 18,19
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Figure 18: Contextual integrity flow of flat sections for temperature

J. N. de Meyer | Design of proposed method and software



Running
=07

Previous
section
running

value = 17

h 4

Flag Flag
running running
o high

¥
Current Yes
slope =
07
Mo
v h 4
Flag Flag
current current
loww high

ibratio
slope =
07

Yes

¥

Flag Flag
vibration vibration
o high
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Figure 20: Contextual integrity flow of negative sections for temperature

J. N. de Meyer | Design of proposed method and software




Vibration

Vibration can be used as an indicator of the running status of a component as a

component in the on state will produce vibrational energy. However, due to the

influence of other components in the vicinity, the measurement equipment can read

the environmental vibration. This is taken into account and used to adjust the baseline

measurements for each component to ensure accurate analysis of the different

characteristics. Equations 12 and 13 were used to evaluate the reliability from the

vibration perspective for the running status characteristic. Equations 16 and 17 were

used for electrical current, and Equations 18 and 19 were used for temperature. The

evaluation processes for flat sections are illustrated in Figure 21, positive sections in

Figure 22 and negative sections in Figure 23. Each characteristic’'s expected high

integrity behaviour for each section is described in Table 22.

Table 22: Vibration perspective characteristic evaluation

Section Characteristic Expected behaviour Equation
Running One if un-normalised vibration is greater than 1213
status environmental vibration, zero otherwise. '

K Electrical .
L Near static value 16,17
current
Temperature Near static value 18,19
RUNNIN One if the vibration slope is below a defined threshold and
status g the un-normalised value does not start at zero. Increasing 12,13
from zero to one otherwise.
>
£=] Electrical .
‘© Increasing. 16,17
o current
o
If the vibration slope is below the threshold, the
Temperature temperature should be stable. Otherwise, the temperature 18,19
should be increasing.
. One if vibration slope is above a defined threshold and
Running S . . .
vibration does not go to environmental vibration. 12,13
status .
Otherwise, it should go from one to zero.
>
= Electrical :
S Decreasing. 16,17
3 current
z
If the vibration slope is above the threshold, the
Temperature temperature should be stable. Otherwise, the temperature 18,19

should be decreasing.
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Figure 21: Contextual integrity flow of flat sections for vibration
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Figure 22: Contextual integrity flow of positive sections for vibration
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Figure 23: Contextual integrity flow of negative sections for vibration
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After the data points have been evaluated, the results are combined into a truth table

as represented by Table 7. By applying Equation 20, a contextual integrity score is

calculated for each data point.

The system then calculates an overall score for each data point, using Equation 21,
using the intrinsic and contextual integrity scores, saving the results to the database

for future use as shown in Figure 7.

2.6 Summary

Section 2.1 provided the layout of the chapter. The scope of the study was defined in
Section 2.2, with a few restrictions being highlighted. Section 2.3 introduced the
methodology for this study. In Section 2.4, methods were investigated to determine
the integrity of single-source condition-based maintenance data from both an intrinsic
and contextual perspective. Section 2.5 proposed a software system design to
calculate the integrity of single-source condition-based maintenance data by
implementing the method proposed in Section 2.4.
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Chapter 3

Results
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In this chapter, the system design from Chapter 2 was implemented on various case

3.1 Introduction

studies to validate whether it addresses the need identified in Chapter 1.

Section 3.2 describes the software system specifics and verification. The software
system functions are verified to be performing as intended by using three trial datasets
with known characteristics. These datasets include two clean datasets and one
dataset with errors — termed the erroneous dataset. The system analyses of these trial
datasets are manually compared to the known features (various categories and
guantities of erroneous data points).

Multiple case studies were used to showcase the versatility of the system. Section 3.3
introduces the case studies and elaborates on how they were chosen. Section 3.4
discusses the results obtained from the case studies from various angles. Section 3.5

gives an overview of the system performance, and Section 3.6 concludes the chapter.

3.2 System specifics and verification

Using the software system design described in Chapter 2, a software system was
created using the technologies described in Table 23. However, before implementing
the system on case studies, it was first verified to ensure that it is correctly calibrated
and produces accurate results.

Table 23: Implemented software system specifics

System component Technology used
NoSQL database MongoDB
SQL database MySQL
Software language C#

To verify the software system, three control datasets were evaluated by the system
for which the integrity of each data point was known. After the system analysed the
datasets, a manual inspection was performed to quantify the system's accuracy. Two
clean datasets and an erroneous dataset was used for verification. Each of these
datasets was manually inspected for low-integrity data and selected for a single
component. Each dataset contains 48 data points per linked characteristic for a total
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of 192 data points per set. The detailed results for each dataset can be found in
Appendix B: Verification results.

3.2.1 Clean dataset

Using a clean dataset identifies whether the proposed system overcompensates or is
uncalibrated. This is evident by incorrectly flagging any data point as unreliable when
the entire dataset only includes reliable data points. The normalised data used are
displayed in Figure 24, with the summarised results in Figure 25.
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Figure 24: Normalised values of an always-running clean dataset
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Figure 25: Clean dataset verification summary
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Ultimately, the system was reasonably accurate with its assessment of the clean

dataset, correctly identifying 94.8% of data points as high-integrity data points. It was
concluded that the system performed well overall despite the ten incorrectly classified
data points.

To ensure that the system could accurately classify data points while a component
alternates between the on and off states, a second clean dataset was selected in which
the component switches from the off state to the on state and back again. The
normalised values of the data streams are displayed in Figure 26, with the summarised

results from the individual streams displayed in Figure 27.
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Figure 26: Normalised values of a state-switching clean dataset
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Figure 27: State-switching clean dataset verification summary

Ten data points in total were incorrectly identified as unreliable data points. Two
observations were made from this dataset. Firstly, the incorrectly flagged data points
correlated between the running status and temperature datasets as they correlated
between the electrical current and vibration datasets. Secondly, it was observed that
temperature does not follow the same trends as vibration and electrical current when
the component switches from the on to the off state. Whereas vibration and electrical
current closely follow the running status, the temperature does the opposite and
increases when the component switches off. This can be attributed to Newton’s law of
energy conservation, as the existing energy in the system is converted into heat
energy when the component is switched off.

3.2.2 Erroneous dataset

Using an erroneous dataset identifies whether the proposed system is ready to be
applied to case studies, as the dataset represents what the system is likely to
encounter. The normalised data streams for the erroneous dataset are displayed in
Figure 28, with the summarised results displayed in Figure 29.
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Figure 28: Normalised values of the erroneous dataset

Figure 29 illustrates the summarised results of the erroneous dataset verification. The
results show that the system incorrectly identifies more unreliable data points from a
contextual perspective than an intrinsic perspective. Despite this, the system could still
correctly classify approximately 94 % of the data points, regardless of the reliability.

Number of data points

Intrinsic Contextual| Intrinsic Contextual| Intrinsic Contextual| Intrinsic Contextual

Running Energy Temperature Vibration

m Correctly flagged mIncorrectly flagged

Figure 29: Erroneous dataset verification results

With the system accurately classifying data points for both a clean and an erroneous
dataset, it was deemed ready for case studies implementation.
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Criteria for implementation

The proposed system was implemented on case studies of twenty pieces of equipment

(components) to ensure the genericism of the design and identify any design biases.

A mining company was identified that had implemented condition-based maintenance
on their equipment and used a condition monitoring system making use of SCADA to
capture data. The company had limited measuring equipment installed, resulting in
only single-source data being available, spread across eleven sites within the mine.
Five components with the longest history of erroneous data measurements were
chosen for each of the four main equipment types identified in Chapter 1. These twenty
components are listed in Table 24, categorised according to component type and site.

Table 24: Case study components by type and site

Component name Component type Site name
Component A Pump Site A
Component B Pump Site B
Component C Pump Site C
Component D Pump Site D
Component E Pump Site E
Component F Fan Site D
Component G Fan Site F
Component H Fan Site G
Component | Fan Site H
Component J Fan Site |
Component K Compressor Site C
Component L Compressor Site D
Component M Compressor Site F
Component N Compressor Site J
Component O Compressor Site K
Component P Fridge plant Site C
Component Q Fridge plant Site D
Component R Fridge plant Site G
Component S Fridge plant Site |
Component T Fridge plant Site K
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Data records for each component were evaluated for the entirety of 2020, January to

3.4 Case studies

December, resulting in approximately 1.26 million data points. The results of the
system were manually inspected for correctness and are presented in various formats

to provide insights into the system behaviours.

3.4.1 Components

Each component was evaluated in isolation to ensure that they did not interfere with
one another. The results for each component are presented in three complementary

formats.

Firstly, the percentage data reliability for a component is displayed as a pie chart, with
data categorised as reliable, or flagged exclusively by contextual methods, flagged
exclusively by intrinsic methods, or shared data points, flagged by both intrinsic and

contextual methods (Example: Figure 30).

Secondly, a bar chart analyses the number of data points flagged as reliable,
unreliable exclusively by contextual methods, unreliable exclusively by intrinsic
methods, and unreliable by shared (both intrinsic and contextual) methods per
characteristic — vibration, running status, electrical current and temperature (Example:
Figure 31).

Thirdly, interesting observations made by the system are highlighted if applicable.

A selection of components that contained interesting observations is presented in this
section. A comprehensive presentation of the results for all components can be found

in Appendix C: Case study results.

Component B - Pump

Component B was identified as a component with the most unreliable data,
highlighting a problem in the measurement equipment used to monitor the component.
Figure 30 displays the reliability statistics for Component B. The contextual methods
flagged roughly 40% of data points as unreliable.
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Figure 30: Component B data reliability for January to December 2020

Figure 31 displays the spread of unreliable data across the different characteristics.
The temperature characteristic was the only data stream with more than 60% reliable
data points. The vibration characteristic was heavily flagged by the intrinsic methods,
accounting for more than 40% of the data points in the data stream.
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Figure 31: Analysis of component B reliability by characteristic

Figure 32 is a diurnal plot of the four characteristics measured on the 4™ of January
2020. The component is switched off, as both the running status and electrical current
drawn are zero. Considering the minimal variation in the temperature values, further
claims are made that the component is indeed in the off state. A corresponding
vibration value of between zero and the environmental vibration is expected. For this
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component, the environmental vibration was calibrated at zero. The figure illustrates

that the vibration measurements never go below 0.19, indicating that the vibration

sensor was not correctly calibrated, and as a result, has a floating value.
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Figure 32: Uncalibrated vibration sensor for Component B (4 January 2020)

During the year, the state of the sensors deteriorated, reflected in Figure 31 above by
the large fraction of unreliable data flagged by the contextual methods. The errant
behaviour for Component B at the year-end is illustrated in a diurnal plot for 31
December 2020 (Figure 33), showing the conflicting operational states between the
different characteristics. From a temperature perspective, the component was off
between 00:00 and 03:00, switched on at 03:00, switched off between 05:00 and 06:00
and remained off for the rest of the day. From an electrical current perspective, the
component was in operation for the entire day, with reduced loads/strain for 03:00—
06:30 and 19:30-21:00. From a running perspective, the component was only
switched on between 03:30 and 06:30. The vibration reading implies that the
component was never in operation as it read a constant (small) negative value.
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Figure 33: Severe sensor issues identified for Component B (31 December 2020)

From the values, it is clear that the vibration sensor is uncalibrated or incorrectly
connected, as it should not record negative values. Regarding the other three
characteristics, the temperature and running status seem to align and to be the inverse
of the electrical current. It is unclear what the actual operational state of the component
was for the day. The safest outcome would be to dismiss all data streams as being
unreliable. Component B supports the need identified for this study in Chapter 2, as

both the intrinsic and contextual methods identified different data as being unreliable.

Component D - Pump

Component D contained an even split between data points flagged as unreliable by
the intrinsic and contextual methods. Figure 34 might suggest that the measurement
equipment used for Component D is not correctly calibrated. This is suggested as
there is an even split between unreliable data identified by intrinsic and contextual

methods without being flagged by both.
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Figure 34: Component D data reliability

Figure 35 illustrates how the unreliable data identified by the contextual methods are
distributed between the four characteristics. It can be seen that the majority of
unreliable data identified by the intrinsic methods are concentrated to a single

characteristic - vibration.
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Figure 35: Analysis of component D reliability by characteristic

Upon further investigation, it was found that the vibration measurement equipment
was not correctly calibrated. In Figure 36, it can be seen that the component was
switched off for most of the day. The measurements during the off stages, although
hard to see, are negative values. Negative values for the vibration characteristic for
this component are impossibilities and were thus flagged as unreliable, regardless of

how small the negative values are.
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Figure 36: Uncalibrated vibration sensor for Component D

Component H - Fan

Component H had a large amount of unreliable data flagged by the contextual
methods, with 20% of the available data being flagged in this manner, shown in Figure
37. In total, 34% of available data is classified as unreliable by the different methods.
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Figure 37: Component H data reliability

Figure 38 shows how the distribution of unreliable data is spread across the different
characteristics. Unreliable data is found in the measurements of all four
characteristics. However, the temperature characteristic contains more than 30%
unreliable data identified by the intrinsic methods. Similarly, the running characteristic
contains more than 40% of unreliable data identified by the contextual methods.
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Figure 38: Analysis of component H reliability by characteristic

Figure 39 displays the characteristic profiles for Component H for 13 April 2020. The
temperature reading stayed constant with one excursion at 19:00. Furthermore,
despite the electrical current reading zero and the vibration reading below the
environmental vibration, the running status indicates that the component was in the on
state. The temperature reading should not be constant. The environmental and
machine conditions are variable, influencing the component temperature to induce
observable changes. This constant value repeats across several datasets, resulting in
the intrinsic methods flagging the data points as unreliable. As for the running status,
from the electrical current and vibration perspectives, it seems that the running status

values might be erroneously inverted.
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Figure 39: Component H characteristic profile (13 April 2020)

Component P - Fridge Plant

Component P contains 68% unreliable data (Figure 40). Both the intrinsic and

contextual methods flagged many data points as unreliable.
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Figure 40: Component P data reliability
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Figure 41 illustrates that unreliable data is distributed across all four characteristics.
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Figure 41: Analysis of component P reliability by characteristic

To validate the results displayed in Figure 41, Figure 42 displays the characteristic
diurnal profiles for 25 September 2020. The running status indicates that the component
was in operation for the entire day, excluding 17:30 to 21:00. Looking at the other three
characteristics, it is implied that the component was actually in the off state. Despite the
other characteristics contradicting the running characteristic, the changes in the running
status do not reflect in any of the other characteristics. This brings the reliability of the

running status measurements into question.
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Figure 42: Diurnal characteristic profiles for Component P (25 September 2020)
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Evaluating the electrical current drawn, it is noted that the value is not in the expected
region of Component P when it is in the on state. This implies that the component is
in the off state. However, the values are not zero as they should be for the off state.

The implication is that the measuring equipment was not calibrated correctly.

The temperature profile flat-lines on a constant value, which is unexpected for a
temperature profile. This brings the reliability of the measurements into question. It
could be that the sensor was disconnected from the component and was recording a

floating value.

Component Q - Fridge Plant

Figure 43 shows an analysis of data-point reliability by characteristic for Component

Q which contains 35% unreliable data.
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Figure 43: Component Q data reliability

Figure 44 indicates a large number of unreliable data points for the electrical current
characteristic as classified by the intrinsic methods. Upon investigation, it was found
that the electrical current data stream contains a lot of static, negative values. This
would imply that the measurement equipment might have disconnected from the

component on multiple occasions and was not correctly calibrated.
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Figure 44: Analysis of component Q reliability by characteristic

Component R - Fridge Plant
The data reliability of the data streams linked to Component R is displayed in Figure 45.
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Figure 45: Component R data reliability

Figure 46 illustrates that the electrical current characteristic contains many unreliable
data as identified by the intrinsic methods. During a further investigation into the
results, it was found that the measurements exceeded the upper limit of possibility
defined for the component. Due to the number of occurrences, it was concluded that

the upper limit for the component was not correctly configured. As a result, data points
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were flagged as unreliable according to the component specifications used that might
be reliable when using calibrated specifications for the component.
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Figure 46: Analysis of component R reliability by characteristic

3.4.2 Component types

After the components were analysed individually, the results were clustered on a

component level to gain insight into data reliability issues for the different component
types.

The results for the five compressors were combined to create Figure 47, in which it
can be seen that compressors generally do not experience excessive levels of
unreliable data. The contextual methods identified a majority of the unreliable data
points.
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Figure 47: Compressor combined data reliability
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The reliabilities of the five fans were combined to create Figure 48. It can be seen that
fans had the fewest unreliable data problems, with 11% of available data unreliable.
The data points flagged as unreliable were identified by both the intrinsic and

contextual methods.
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Figure 48: Fan combined data reliability

The five fridge plant case studies combined had the most unreliable data identified by
the system, with only 66% of data seen as reliable (Figure 49). Despite both the
intrinsic and contextual methods identifying unreliable data, the contextual methods
identified a significantly higher fraction.
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Figure 49: Fridge plant combined data reliability

The five pump case studies were combined to generate Figure 50. Like the fridge plant
cases, the pump results show contextual methods contributed a larger fraction of
unreliable data identification.
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Figure 50: Pump reliability results percentage breakdown
3.4.3 Sites

The results of the twenty case studies were summarised to gain insight into which sites
had the most issues with data reliability (Table 25). The number of reliable and
unreliable data points is given for each site and the percentage of reliable data. The
unreliable data points are categorised according to the identification method, from

contextual, intrinsic or combined.

Table 25 indicates that Site H had the best overall data reliability, and Site B had the
weakest. The reliability of Site | is flagged as unrepresentative, as the site did not have

any data for the first ten months of the year.

Table 25: Summarised data reliability by site (number of data points)

Site Reliable Flagged as.un.reliable Reliability (%)
Contextual Intrinsic Shared
A 62 926 7 358 44 24 89.4
B 33 792 27 796 7471 1217 48.1
C 133 838 44 223 15 228 11 317 65.4
D 221 958 29988 22392 6 842 78.9
E 55 046 11 883 1634 1089 79.0
F 117 612 20 274 238 924 84.6
G 104 493 18 329 15718 1716 74.5
H 68 929 1425 11 20 97.9
| 9029 1984 304 763 74.7%
J 61 294 3441 4 156 497 88.3
K 120 639 15 280 2069 1323 86.6

 The reliability of Site | is unrepresentative as the site has data for only the last two months of the

year.
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3.4.4 Characteristics

To determine which characteristic had the most reliability issues, the results for all 20

case studies were tabulated. Table 26 indicates that all four characteristics did well

regarding reliability from a characteristic perspective. However, similar to the site

results, all reliability percentages are lower because of extensive missing data.

Regardless of this, temperature data streams were ultimately the most reliable and

electrical current data streams the least.

Table 26: Summarised data reliability by characteristic (humber of data points)

Flagged as unreliable

Characteristic Reliable Reliability (%)
Contextual Intrinsic Shared

Electrical current 230 117 52 672 23919 10 098 72.6

Running 255 024 61 089 0 6 80.7

Temperature 250 946 30 799 0 11 141 85.7

Vibration 253 469 37 421 21431 4 487 80.0

3.4.5 Dataintegrity methods

The numbers of low-reliability points identified by the intrinsic, contextual or combined

methods are summarised in Table 27. This summary indicates that contextual

methods outperformed intrinsic methods in identifying low-integrity points. However,

the combination of methods outperformed the individual methods significantly,

identifying 192% more unreliable data points than the intrinsic methods alone and 33%

more than the contextual methods.

Table 27: Reliability methods results summarised

Method Number of low-reliability points identified
Intrinsic 94 997

Contextual 207 713

Combined 276 978
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3.4.6 Overview

In summary, the overall reliability results for the case studies are displayed in Figure
51. The system identified 22% of the data points as low integrity or unreliable. Of this
22%, 69% were identified by the contextual methods and the remainder by the intrinsic

methods, as displayed in Figure 52.
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Figure 51: Case study summarised reliability results percentage breakdown

31%

Intrinsic

= Contextual

Figure 52: Summarised method reliability results percentage breakdown

3.5 Discussion

The system analysed a total of 1 266 534 data points and identified 276 978 data
points as unreliable. This figure does not take the missing data experienced on Site |
into consideration. If this missing data was also considered, the total unreliable data
for the mine would realistically exceed 25%. This indicates that the case study mine

has a severe issue with unreliable data. From the literature discussed in Section 1.1.1,
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it was concluded that unreliable data can have severe financial consequences for

companies. Having more than a quarter of the business data flagged as unreliable
should raise serious concerns for the case study company. Along with the high amount

of unreliable data identified, the system also highlighted several issues.

Firstly, missing data is a common occurrence. Despite Site | being the only explicitly-
marked site in Table 25 with missing data, all the data streams had varying amounts
of missing data. Missing data can be attributed to various factors such as broken/faulty
sensors, unstable networks used for data transfer, and downtime on control systems
or databases. Ultimately, for the system to analyse data streams more accurately, they
need to be complete as required by Equation 18 and Table 8. A supplementary system
should be introduced to monitor missing data and alert relevant users to investigate

the problem as quickly as possible to prevent negative impacts on the system.

Secondly, the system is susceptible to user error. During the case study for
Component G, a configuration error occurred in which the incorrect data stream was
linked to a component. Although the system successfully identified the user error using
the contextual methods, it could only do so because it was a large error. Smaller user
errors might go unnoticed without manual inspection of the data and a critical analysis
of the system's results, as illustrated by case study Component R where one of the
limits was incorrectly configured. Over time, additional functionality can be introduced
to help identify user errors during component configuration. Continuous inspection of
the configuration is advised as the components operate in harsh and ever-changing

conditions, which could impact the limits for the component

Thirdly, most of the unreliable data points identified by the system can be traced back
to uncalibrated sensors. A common sensor-related issue is an incorrect zero-point.
These errors are impossible for the system to detect if the faulty readings fall within
limits configured for the component and never exceed them. This highlights the need
for regular calibration of the sensors, as the measured data are highly likely to be

incorrect, which could ultimately negatively impact the decisions made thereon.

Fourthly, the system accuracy is reliant on configuration. For the system to analyse
the different components and their characteristic data streams, they must be
configured in the database. As part of the configuration, the variable limits in the

contextual equations must be specified. If these limits are incorrectly specified, the
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system can flag data as unreliable during viable operating conditions in which certain

characteristics have abnormal values. The system will not indicate that these values
might be incorrectly flagged as it uses Boolean logic and manual inspection or a
secondary system that analyses the results of this system will be required to identify
these edge-cases after which recalibration of the limits for the component will be
required in the database.

Finally, system accuracy varies depending on the data resolution available. If the data
resolution differs between data streams linked to the same component, data points on
mismatching timestamps will always be flagged as unreliable data. To mitigate this,
data sources should preferably use the same resolution per component. For this study,
most of the case studies only had access to 30-minute resolution data; however,
nearing the end of this study, the measured data resolution for Component A was
changed from 30-minute resolution data to two-minute resolution data. To investigate
the difference in system accuracy correlating to data resolution, the system was run
on both the 30-minute and two-minute resolution data over the same period as
discussed in Appendix C:C-21: Component A data resolution. The results are
summarised in Table 28 and indicate that the system’s accuracy can be significantly

improved by using higher-resolution data.

Table 28: Summarised results for data resolution difference case study

Resolution Reliable Contextual Intrinsic Shared Reliability (%)
2-minute 2774 106 0 0 96.3
30-minute 172 20 0 0 89.6

3.6 Summary

Section 3.1 gave an overview of the chapter and detailed what the chapter layout is.
Section 3.2 described how the proposed software system design was implemented on
a new software system. The section continues to detail how the system was verified
using three sample data sets with known integrity. Section 3.3 detailed how case
studies were identified and briefly discussed the breakdown of the chosen case
studies. Section 3.4 discussed the results obtained from the twenty implemented case
studies and ended by summarising the system performance from various angles.

Section 3.5 concluded the chapter with a discussion of the system.
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4.1 Discussion

As data generation and availability increase, more knowledge is extracted from data
and used for decision making. As highlighted from the literature, using unreliable data
can lead to ill-informed decisions and negative consequences; therefore, a stronger

emphasis should be placed on ensuring high data integrity.

Implementing data-driven decision making with high-integrity data can add valuable
business insights and increase profitability. In the mining industry, profitability is a
constant concern due to various factors identified in the literature; thus, unnecessary

expenditure must be reduced to remain profitable.

Ensuring that the equipment is in a healthy operational state and minimising downtime
are vital for generating income. Implementing an efficient, condition-based
maintenance strategy using high-integrity data helps achieve these goals. To this end,

shortcomings in literature were identified when only single-source data was available.

Chapter 1 gave some background into the need for data integrity and its increasing
importance in the mining sector. A literature review was conducted, and a need was
identified to investigate the integrity of single-source condition-based maintenance
data using the combination of intrinsic and contextual methods. This study proposed
two novel contributions, and study objectives were identified. These novel contributions
can help identify low-integrity data in the future, helping reduce the impact of unreliable

data on decision making.

Chapter 2 established the scope and listed some restrictions and assumptions that
would be followed. The methodology was outlined in Section 2.3. Section 2.4
investigated methods that can be used to estimate the data integrity from both an
intrinsic and contextual perspective, completing the first novel contribution of this study.
Section 2.5 described the design of a software system to estimate data integrity using

the methods discussed in Section 2.4, producing the second novel contribution.

Chapter 3 started by creating a software system using the proposed software system
design, verifying it with three test datasets and then discussing the criteria for
implementing the system on case studies. Twenty case studies across eleven sites

were identified for implementation due to their history of data-related issues.
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Section 3.5 discusses the system’s performance during the case studies and highlights

some system shortcomings.

The novel contributions of this study made it possible to identify low-integrity data and
delivered a way to identify the sources of low-integrity data. Using these contributions,
22% of the data points were identified as unreliable, reducing the number of ill-informed
decisions that would have been made with them. Analysing the results further, the
novel contributions identified which components, and more importantly, which sites
had the most problems correctly capturing data. Despite the number of sites having
low-integrity data being small, they have a large overall impact on the company.

The case studies used in this study were chosen because of their known history of
data-related problems. Had the system been implemented on different case studies,
the results could have looked significantly different. In the case where less unreliable
data was present, the value of the system would be seen as less significant as it would
verify that the case study company did not have a severe problem with unreliable data.
However, had the system identify the same number of, or more, unreliable data points
on components that were thought to be reliable, the value of the system would have
increased and add to research showing that companies overestimate the quality of
their data [22], [28], as discussed in Section 1.1.1.

With a shift towards a more data-driven world, having high-integrity data will become
increasingly important and valuable. As a result, the contributions of this study are a
vital first step in the decision-making process. Ultimately, to address the need for this
study, the objectives identified in Chapter 1 must be met. All study objectives were

met, as summarised in Table 29.
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Table 29: Breakdown of implemented study objectives

Contribution Objective Addressed @ Section

Investigate intrinsic data quality

2.4.1
. methods
Method for estimating the
integrity of single-source Investigate contextual data quality
» . 2.4.2
condition-based maintenance methods
data
Combined intrinsic and contextual
. 2.4.3
data quality method
Implement newly created method
) : v 2.5
into a software system design
Software system design for Create a software system using Y 3.
estimating the integrity of single- the design :
source condition-based _
e Verify software system v 3.2
Implement software system v 3.4

4.2 Recommendations for future work

4.2.1 Expand intrinsic methods

The novel method proposed should be expanded in future to include more intrinsic
methods. The proposed method implemented three simple methods to verify intrinsic
integrity: hanging data, outliers, and limited exceptions. Although these methods
identified unreliable data points effectively throughout the case studies, expanding on

this list could help identify edge-case data points as unreliable.

4.2.2 Improved characteristic behaviour

For this study, data streams were placed into context with other data streams on a
component level. This enabled the detection of unreliable data streams and data points
in context to the component; however, adding additional context to the data streams
themselves could also improve unreliable data identification. Using the temperature
characteristic as an example, the current system checks whether the temperature
behaves as expected in relation to the electrical current drawn, vibration, and running
status of the component. Future iterations could include the capability to evaluate
whether the temperature behaves as expected, such as whether it increases or

decreases unnaturally.
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4.2.3 Refine characteristic relations

The equations derived in this study are simplistic representations of the relations
between the different characteristics. Future studies could investigate and expand on

the available equations that better describe the relations.

4.2.4 Expand supported characteristics

This study focused on the four commonly measured characteristics identified in the
literature. Depending on the availability of measuring equipment, these characteristics
might not be measured on specific components. In these situations, alternative
characteristics should be used to determine the integrity of the measured data. By
identifying possible substitutes for each characteristic, the method could be more
generic and widely implementable.

4.2.5 Implement error-reduction interface

As mentioned in Section 3.5, the system is susceptible to user errors. To reduce the
number of user errors, an intelligent configuration interface should be implemented to
help the user configure their components. This interface should highlight potential
problems with configurations, such as suspicious limit values for a data stream

depending on the characteristic.

4.2.6 Information distribution

This study implemented a software system on multiple case studies, and the results
were manually inspected to extract knowledge. A recommended improvement on this
study would be implementing an information extraction and distribution system that
automatically extracts the information from the analysis results and makes it readily
available to the users. An online monitoring platform or automated reporting system
would enable easy access to the information and faster reaction times to data-related
problems. A notification system could also be implemented to notify relevant personnel
of data-related problems identified by the system. This notification system could be
implemented in various ways, such as emails, SMSs and in-application notifications

on mobile devices.
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4.2.7 Correction platform

The system proposed in the study analysed data and identified unreliable data. Future

studies could use the results of this system to correct the unreliable data points.

4.2.8 Event-driven system

The system design in this study triggered fault events through manual off-line data
analysis. However, as condition monitoring needs to invoke rapid responses in severe
conditions, measured data should be written to the database and processed as close
to real-time as possible. The proposed system can be adapted to use an event-driven

architecture to analyse data as it comes into the database rather than on a schedule.

4.2.9 Application purpose refinement

Data is becoming a valuable commodity and ensuring the integrity thereof should be a
priority. As a result, the system can be used as a base and expanded or modified using
different methods to make it suite a specific need better. To make the system more
component specific and increase the accuracy of the system, a Neural Network or
statistical methods can be implemented. Implementing Fuzzy Logic would increase the
range of output values, allowing for better classification of data depending on the

purpose of the system.
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In die mynbedryf word komplekse masjienstelsels in ongewenste
omstandighede 24 ure per dag bedryf. Dit veroorsaak die agteruitgang van
hul toestand en kan lei tot stelsels wat vroegtydig onklaar raak en
daaropvolgende produksie verliese. Toestandsgebasseerde onderhoud
(TGQ) is 'n strategie wat onderhoudskedules beplan afhangende van die
toestand van die masjien en beoog om besluitnemingsprosesse te verbeter.
Data opgeneem van masjiene vir TGO doeleindes moet betroubaar wees
om die negatiewe gevolge op onderhoudskedules te vermy. Data
betroubaarheid kan geskat word deur verskeie databronne te vergelyk,
maar menigte bronne is nie altyd beskikbaar nie en kan duur wees om te
bekom. Hierdie studie poog om die geisoleerde en kontekstuele
betroubaarheid van enkelbron TGO data te skat deur gebruik te maak van
verskeie data analise tegnieke. n Sagteware program word ontwerp om
data te ontleed op 'n masjien vlak en die betroubaarheid daarvan te bepaal.
'n Gevallestudie wys die verskil in betroubaarheidsuitspraak akkurraatheid
tussen geisoleerde en kontekstuele metodes en lig die behoefte uit om die
metodes te kombineer.

1 INTRODUCTION

In the mining industry, inter-connected machinery operates under harsh conditions 24 hours a day [1], [2].
These conditions degrade the state of the machinery, and can lead to premature breakdowns and

production losses [2].

To avoid unnecessary downtime, intermittent maintenance is performed on the machines to keep them in
an operational state [3]. However, inefficient maintenance strategies can also have negative consequences,
such as unnecessary downtime and/or delayed maintenance [1]. To minimise the negative impact,
maintenance schedules should be optimised to maximise the benefits [4].
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Condition-based maintenance (CBM) is a strategy that plans maintenance schedules, depending on the
condition of the equipment, and that aims to improve decision-making processes [5]. For CBM to be
effective, operational data from the machine is required [5].

Data can be collected using condition monitoring, which involves adding sensors to equipment in order to
measure the vital characteristics of the machine [2], [6]. The more reliable the measured data, the more
confidence it instils in the decision [7]-[11].

Data reliability can be estimated in various ways [12]. A simple yet efficient method is to compare the data
for a specific characteristic from multiple sources. Multiple data streams can be set up by installing more
sensors or by making use of secondary data sources, such as third-party measurements or reports [13].

Unfortunately, these additional data streams are not always available, and can be expensive to set up; as
a result, single-source data streams are mostly used. The reliability of single-source CBM data can be
estimated in two ways: in isolation, or in context [14].

Isolated reliability implies that the data streams are evaluated individually, disregarding external
influences [15]. This is useful for gauging whether an installed sensor is calibrated correctly.

By contrast, contextual reliability is calculated on a machine level by considering other data streams [15].
This provides a broader picture of the operational conditions at a machine level. One such example is a
machine that is switched off but still incorrectly shows, from the data, that it is drawing electrical current.
Contextual reliability can be used to gauge whether the data approved by isolated reliability makes sense
in the bigger picture.

Despite the rise in research related to data reliability over the past few years, only limited research has
focused on single-source CBM data reliability using contextual methods in the mining industry. This study
aims to reduce the knowledge gap by estimating the isolated and contextual reliability of single-source
CBM data by applying multiple data analytics techniques to mining systems.

2 RELATED WORK

The amount of CBM data available to companies has increased dramatically over the past few years [2].
With this increase in volume, companies are emphasising the reliability of the data [8]. Two studies that
investigated the quality of CBM data were identified as a starting point for this study.

Goosen [12] investigated the quality of industrial data using various methods. From the investigation, a
system was created to estimate a quality score for each data point. The study stated that contextual
knowledge could increase the accuracy of the data quality calculations. Similar methods could be applied
to estimate the reliability of CBM data in an isolated manner.

De Meyer [16] implemented a system to calculate the integrity of CBM data in a contextual manner. The
system took a contextual-isolated approach, as the data streams were evaluated in isolation, but with
contextual information about the stream itself. This approach can be applied to expand on the isolated
reliability calculations to cater for each data stream.

To estimate the isolated reliability, this study will use the metrics identified by Goosen [12], and will
include contextual information from each stream, similar to the approach of de Meyer [16]. This study will
also include contextual reliability methods and combine the results of both approaches to estimate the
overall reliability of the data, as suggested by both Goosen and de Meyer.

This study proposes a system for estimating the reliability of single-source CBM data by making use of the
combination of the isolated and contextual reliability methods.

3  METHODOLOGY

A simplified organisational structure, depicted in Figure 1, is used throughout this paper to represent mines
generically.
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

System System System
eq. eq eq.
cooling pUMPINg ventilation

. . . v

Charactgristic Charactgristic Characteristic Characteristic
——— (eiachice) (temperature) (vibration)
status) current)

Data Data Data Data
stream stream stream stream

Figure 1: Diagram illustrating the organisational structure used for the study

Figure 1 illustrates the terminology used in this paper, and how the different entities relate to one another.
A company is the highest level of the organisation. Each company can have multiple sites that are located
throughout the world. Every site categorises its machinery into systems with a main focus — e.g., cooling,
pumping, ventilation.

Each system can have multiple components, or machines. Each component has various characteristics that
are monitored. Depending on the component and monitoring technique, the monitored characteristics can
include vibration, sound, temperature, chemicals and particles released into the environment, and physical
effects. [17]. For the purposes of this paper, these characteristics are limited to the running status,
electrical current, temperature, and vibration of a machine. Each of these characteristics is monitored,
and their measurements are associated with a data stream.

3.1 Data collection

The CBM data is recorded at the mine and sent through a transmission channel to a database. The
transmission channel is illustrated in Figure 2.

Equipment

- Pumps Transmission Data

- Compressors Control system system trigzltztrfn
- etc.

atabas:
SCADA/PLC Database

Figure 2: Diagram illustrating the transmission channel for data from machinery on site
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Each component is monitored by a monitoring system such as a supervisory control and data acquisition
(SCADA) system. The monitoring system sends the data to the control system that controls the components.
The control system then sends the data to a transmission system that transfers the data over the internet
to a translation system. This system translates the incoming data into a more readable format for the end-
systems that will use the data before saving it into the database.

Each measurement has two main properties; the timestamp of when the measurement is taken, and the
value. For this paper, half-hourly data is used, as this is considered a common measurement interval, and
reduces the required storage in the database while maintaining enough information to reflect the operation
of the machine accurately. When higher resolution data is available, the half-hourly average is used.

3.2 Machine characteristics

As mentioned earlier, four main characteristics that are used in the mining industry and are commonly
monitored have been identified [17]. These four characteristics each have a data stream associated with
them, and together they give an overview of the operational status of the machine at any point in time.
These characteristics are running status, electrical current, temperature, and vibration, which are
described in Table 1.

Table 1: Table of commonly monitored machine characteristics for CBM

Characteristic Description Unit
Running status Describes whether the machine is switched on (1) or off (0), commonly connected to the -
on-off switch of the machine or controlled by programmable logic controllers (PLCs) or

SCADA.
Electrical Represents the current drawn by the machine at any given point in time. The value A
current range is specific to the component.
Temperature Represents the temperature of the machine at a specific place at any given point in °C

time. The values, similar to the electrical current, differ depending on the component
and conditions.

Vibration The vibration experienced by the component at any given point in time. The vibration mm
experienced by a component is the sum of the vibration generated by the component .57t
itself and the vibration in the environment caused by, for example, other components.

3.3 Relationships

Each of the characteristics discussed earlier has a relationship with the other characteristics when
evaluating them from a contextual point of view. When a component is running, it has to draw electrical
current, its temperature should increase to a specific steady value, and it should vibrate more, as described
in Equations 1—3 respectively:

Ecurrent > 0,when Rygqpys = 1 (M

where
. E urrent 15 the electrical current drawn, and
. Rgtatus 15 the running status of the component.

Tombient < Teurrent = ton X Tgain + Tambient < Tiimie swhen Ry = 1 (2)

where

Tumbient 15 the ambient temperature at the component,

Teurrent 15 the current temperature of the component,

ton is the duration for which the component has been running,

Tgain is the rate at which the temperature of the component increases while in operation,
Tiimir is the safety limit of the component where it is switched off, and

R tarus 15 the running status of the component.

Venvironment < Vewrrent < Viimie, when Rgearus = 1 (3)

where

. Venvironment 1 the vibration experienced by the component caused by external factors,
. Vewrrene 15 the current vibration measured on the component,

. Viimir is the safety limit of the component where it is switched off, and

. Rgtatus 15 the running status of the component.
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Similarly, when a component is not running, it cannot draw electrical current, it will start to cool down,
and it will vibrate less, as described in Equations 4—6 respectively:

Ecyrrent = 0,when Repqpy,s = 0 4)

where
. E urrent 1s the electrical current drawn, and
. Rgtatus 15 the running status of the component.

Tambient < Teurrent = torf X Tioss + Tambients when Reqrys = 0 (5

where
. Tumpient 15 the ambient temperature,

. Teurrent 1S the current temperature of the component,
. tory is the time the component has been switched off,
. Toss is the rate at which the component cools down, and
. Rgtarus 18 the running state of the component.
Venvironment = Veurrent, when Rgearys = 0 (6)
where

. Venvironmene 15 the vibration experienced by the component from external sources,
. Veurrene 15 the current vibration of the component, and
. Rgtarus 18 the running state of the component.

Applying Newton’s law for the conservation of energy to the component, it can be assumed that, when the
component draws electrical current, it will convert some of it into heat and kinetic energy, resulting in a
rise in temperature and increase in vibration, as described by Equations 7—8:
Tambient < Teurrent = tenergy consumea X Tgain + Tambient» When Ecyrrene > 0 (7)

where
. T mpient 15 the ambient temperature,
. Teurrent 15 the current temperature of the component,
. tenergy consumed 1S the time for which the component has been drawing electrical current,

Tyain is the rate at which the temperature of the component increases when in operation, and

E . rrene 15 the electrical current drawn by the component.

Venvironment < Vewrrent < Viimic, When Ecyprene > 0 (8)

where

. Venvironmene 15 the vibration experienced by the component, caused by external factors,

. Vourrent 15 the current vibration of the component,

. Viimie 15 the safety limit where the component will be shut off, and

. E . rrene 15 the electrical current drawn by the component.

Similarly, when a component stops drawing electrical current, it will eventually cool down and vibrate less,
as described in Equations 9—10:

Tambient < Teurrent = tiast consumed X Tioss + Tambient, When Egyrrene = 0 9)

where

. T mpient 15 the ambient temperature,

Tourrent 15 the component temperature,

tiast consumea 15 the time since the component last drew electrical current,

T0ss is the rate at which the component cools down when not in operation, and
E..rrent 15 the electrical current drawn by the component.

Venvironment = Veurrents When Egyrrene = 0 (10)
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where

. Venvironment 15 the vibration experienced by the component from external factors,
. Veurrene 1S the current vibration of the component, and

. Ecurrent is the electrical current drawn by the component.

From Equations 1-10, it can be seen that characteristics influence one another, which is important to
consider when evaluating the reliability of the data from a contextual viewpoint.

3.4 System design

A system was designed to calculate the combined reliability of CBM data. The system flow is illustrated in
Figure 3.

Calculate
—> isolated ]
integrity
Calculate
—» combined
integrity
Calculate
—»| contextual —
integrity

Figure 3: Diagram of the system flow to calculate the combined data integrity
From Figure 3, it is shown that the system calculates the isolated and contextual reliability of each data
point. It then uses these results to determine the overall reliability.
3.4.1 Isolated reliability
The system calculates the isolated reliability of each data point using the flow described in Figure 4.

Check for
impossible
data

Check for

outlier data

Calculate
overall
score

Check for
hanging
data

Figure 4: Diagram of the system flow for calculating isolated data integrity

The figure above shows how the system will calculate the data integrity for data points from an isolated
perspective. This process consists of four stages, with the first being optional, depending on whether or
not it is applicable to the data stream.

Hanging data implies a repeating pattern of the same value over an extended period of time. It usually
indicates that a sensor is disconnected or broken. This metric check is optional, as it is not applicable to
all characteristics. For this study, the running status characteristic will not be evaluated for hanging data,
as the data only assumes two values: 0 or 1.

Impossible data are data points that are not possible within the context of the data stream. These include
negative and extreme values that are outside the bounds of the component. These impossible values can
be used to identify uncalibrated sensors.

Outlier data are data points that fall inside the bounds of possibility for the component, yet do not conform
to the expected profile of the data. They can be used to identify malfunctioning sensors or interrupted
measurement and/or transmission processes.

If a data point is flagged by any of the data checks, the data point is deemed unreliable from an isolated
reliability perspective.
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3.4.2 Contextual integrity

Following the calculation of the isolated reliability calculations, the data streams for each of the four
characteristics of a machine are then evaluated from a contextual perspective, as shown in Figure 5.

Get
Normalis Icul
component » Odag e > 2:;%?129
information

. . . v

Compute Compute Compute Compute
from from from from
temperature running vibration current
perspective perspective perspective perspective
y
%?;nel‘tle o| Flag low integrity
tab?esr “| points from tables

Stop

Figure 5: Diagram of the system flow for calculating contextual data integrity
Figure 5 illustrates the steps the system will take to calculate the contextual reliability of the data points.

First, the system will get the machine model information, which gives context to the data streams linked
to the four main characteristics.

Second, the system will normalise all values for a specified range to a range of 0—1. This is done more
easily to compare the different characteristics with one another according to the data trends. The
unnormalised values are evaluated in the isolated integrity calculations, allowing the contextual
calculations to focus on the trends.

Third, the system calculates each section per data stream. This involves breaking the profile into sections,
based on whether the data has an increasing, decreasing, or flat trendline.

Using the relationships described in Equations 1—10, the system compares each characteristic’s data with
the data of the other three characteristics, and compiles a truth table, as illustrated in Table 2.

Table 2: Truth table used for contextual data reliability calculations

Characteristic evaluated

Running | Current | Temperature | Vibration
Running - T/F T/F T/F

Current T/F - T/F T/F
Temperature T/F T/F - T/F
Vibration T/F T/F T/F -

Characteristic
perspective

The truth table compares the reliability of each characteristic from the viewpoint of a different
characteristic. From this table, the reliability of the data point is calculated using Equation 11:
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R, = 55—” = 0.6,where Sreceivea = 2 and Sgiven = 2 and Sgiven # 0 (11)
given

where

. R, is the contextual reliability of the data point,

. Sreceivea 15 the number of high reliability scores (T) for the characteristic awarded by the other three
characteristics listed in the characteristic column, and

. Sgiven 1s the number of high reliability scores (T) given to the other three characteristics by this
characteristic, as listed in the characteristic row.

For a data point to be seen as reliable, it should consider other data points to be reliable, and should be
considered as reliable by other data points. By considering the reliability of a data point from both
perspectives, only data points that fit into the context of the component should be classified as reliable.
To this end, the ratio between the scores received and given should be greater than 60 percent. Both scores
should also be at least 2 to try to reduce the number of falsely classified high-reliability data points.

3.4.3 Combined integrity

The combined reliability of each data point is the sum of its isolated and contextual reliability scores, as
illustrated by Equation 12:

0<R =% <y (12)
where
. Rt is the combined reliability of a data point,
. R; is the isolated reliability, and
. R is the contextual reliability.

For a data point to be considered reliable, Ry should have a value of 1. If the value is less than 1, it will be
rounded down to 0 and will be considered unreliable.

3.5 Verification

The system was verified using a testing data set with erroneous values to ensure that the system correctly
classified the reliability of at least 95 percent of the data points. The results of the testing data set were
manually reviewed to ensure that the system was working as expected.

An erroneous dataset was manually selected for two days’ worth of data for a compressor. This dataset was
deemed a sufficient representation of the compressor’s operation, as it contained the following common
operation cycles:

. extended running periods,

. extended periods of being switched off,

. periods in which the compressor was switched on and off, and

. periods with data loss.

The dataset was examined manually, and the low reliability data points from both an isolated and a
contextual perspective were classified. This pre-classified dataset would enable the calculation of the
system’s accuracy. The results of the verification dataset are shown in Figure 6.

As seen in Figure 6, the system was able to classify 376 of the 384 data points correctly, resulting in an
accuracy of 97.92 percent. The system incorrectly classified data points from the contextual perspective
for eight data points over three of the characteristics. All eight of these data points were shared
timestamps, suggesting that the system was not fully calibrated to the component.

On further investigation it was found that the system was incorrectly classifying data points at the start of

steep gradients. To correct this issue, the system was re-calibrated by adjusting the contextual parameters
for the component.
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Figure 6: Bar chart displaying the results of the verification test

4  IMPLEMENTATION AND RESULTS

The system was applied to a case study compressor for a month’s data. The dataset included data for each
of the four characteristics — running status, electrical current, temperature, and vibration. In the dataset,
each of the data streams had instances of low-reliability data points from both isolated and contextual
perspectives.

Similar to the verification, each of the data points in the dataset was manually classified to calculate the
system accuracy. After implementing the system, the electrical current data stream was classified with
low reliability over the majority of the dataset. On further investigation, it was found that the incorrect
data stream was linked to the component. After correcting the configuration error, the system was applied
again, and obtained the results shown in Figure 7. From Figure 7, it can be seen that the system performed
well overall.
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Figure 7: Bar chart displaying results for the case study compressor
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The system experienced the most difficulty with classifying the temperature and vibration characteristics.
This was surprising, as the relationship between these two characteristics initially seemed to be the
weakest. From the results, however, it would seem that this relationship played a large role in the
contextual calculations, as the incorrectly classified temperature data points correlated with the
incorrectly classified vibration data points. In other words, there is a high likelihood that when a
temperature data point is incorrectly classified, the corresponding vibration data point will also be
incorrectly classified.

From the above chart it can also be seen that neither the isolated nor the contextual reliability methods
were flawless in their classification, with the isolated reliability methods being more accurate. This is to
be expected, as the isolated reliability methods only consider a single data stream, leaving less room for
incorrect classification owing to the reduced variables involved.

A summary of the case study’s implementation is shown in Figure 8.

16 000 14942
14364

14 000
12 000
10 000
8 000
6 000
4 000

2352
1774
2 000

; ]

High Low Correct Incorrect

Number of data points classified

Figure 8: Bar chart indicating high-level results of case study implementation

As is evident from Figure 8, the majority of the data points were of a high reliability. Interestingly, all of
the data points that were incorrectly classified were wrongly classified as high reliability points — i.e.,
false negatives. The system was able to classify 89.39 percent of the data points correctly — considerably
less than the percentage achieved during the verification. This could be attributed to the small size of the
testing data set compared with the case study data set, as the system was calibrated to the smaller set.
This smaller set did not have a comprehensive amount of variety in the data, causing the system to be
calibrated too finely. This can be seen as similar to over- or under-training a model.

As stated earlier, the isolated reliability methods classified the data points more accurately. However,
when trying to gain insight into the component as a whole, the contextual reliability played a far larger
role. In the first attempt to implement the case study, the electrical current data stream was incorrectly
linked to the case study component; but the isolated reliability methods did not raise any red flags for this
data stream.

However, the contextual reliability methods classified the majority of the data as unreliable, and the
overall reliability was classified as low. On further investigation, the incorrect component configuration
was discovered. Although the contextual reliability methods did not perform as well as the isolated
reliability methods, they were crucial in avoiding false negatives over the majority of the data set. Thus
the combination of isolated and contextual reliability methods produced a more reliable result than what
would have been produced if the methods had been implemented separately.
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5  CONCLUSION AND RECOMMENDATIONS

Machinery in the mining industry endures harsh operating conditions. To ensure an extended lifetime,
efficient maintenance strategies such as condition-based maintenance should be implemented. To get the
maximum benefit from the strategies, the data used for decision-making should be reliable.

This paper presented a method for estimating the reliability of single-source condition-based maintenance
data by making use of isolated and contextual reliability calculations. A system was created, verified, and
implemented on a case study. There was an approximate 10 percent difference in accuracy between a
testing data set and the case study results. This could be attributed to the small testing data set, which in
effect under-trained the system.

Although the isolated reliability methods produced more accurate results in the case study, they have their
limitations. Incorrectly configured data streams for components are not identified by the isolated reliability
methods, which produces false negatives. Using the combination of isolated and contextual reliability
methods will ultimately produce a more accurate classification of the data streams over a large dataset
than the two methods individually.

Although the system was accurate during the case study, there is room for improvement. When calibrating
the system, a larger data set should be used to ensure that the system is capable of handling most data
situations. The relationship between temperature and vibration should be revisited to ensure that this
relationship is thoroughly catered for in the system.

An edge case arose during the case study, in which the temperature rose for a period whenever the
component was shut off. The initial design did not cater for this with the simple relationship equations
between the temperature and the running status (Equations 2 & 5) and between the temperature and the
electrical current drawn (Equations 7 & 9). This rise in temperature could most likely be attributed to
Newton’s law of energy conservation, in which the rotational energy, along with friction, was converted to
heat. Once the rotational energy of the component had been depleted, the component started to cool
down.

Currently the system only classifies the reliability of the data points. Future work could include using these
reliability results to try to identify and classify the events that cause the low reliability.

By implementing the proposed system on mines, unnecessary maintenance time could be reduced. This
would result in a reduction of wasted capital and maintenance hours and an increase in the machinery’s
uptime, and could lead to increased production. Ultimately, implementation of the system will result in a
reduction of wasted time, as decisions made using reliable data will be more reliable.
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Appendix B: Verification results

Clean Dataset 1
Figure 53 illustrates the unnormalised running-status data stream analysed by the
system for Clean Dataset 1. As expected, the system correctly identified all data points

as reliable from an intrinsic, contextual, and overall integrity perspective.
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Figure 53: Clean running verification results

Figure 54 illustrates the unnormalised electrical current data stream analysed by the
system and illustrates that the system incorrectly flagged three data points as low-
integrity points from a contextual integrity perspective. This caused the overall integrity
to be incorrectly indicated as low-integrity points. These three points were incorrectly
flagged due to the temperature and vibration data streams having sudden changes at
these times, which resulted in the data points being incorrectly flagged as low-integrity

points from two characteristic perspectives.
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Figure 54: Clean electrical current verification results
Figure 55 illustrates the unnormalised temperature data stream, showing that the
system incorrectly flagged two temperature points. This incident was caused by the
electrical current and vibration data streams rising sharply. The system expected a
larger increase in temperature values, ultimately indicating that these temperature

values were untrustworthy.
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Figure 55: Clean temperature verification results

Figure 56 illustrates the unnormalised vibration data stream, showing that the system
incorrectly identified five data points as low integrity. These instances are the

combination of the incorrectly classified data points in Figure 54 and Figure 55.
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Figure 56: Clean vibration verification results

Clean Dataset 2
The results for the running-status data stream for Clean Dataset 2 were evaluated and
are displayed in Figure 57 which illustrates that two data points were incorrectly flagged

as unreliable at the point when the component switched off.
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Figure 57: State-switching clean running verification results
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The electrical current results contained three incorrectly flagged unreliable data points,

as illustrated in Figure 58.
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Figure 58: State-switching clean electrical current verification results

In Figure 59, the two data points incorrectly flagged as unreliable correspond to those

incorrectly flagged for the running status and electrical current.
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Figure 59: State-switching clean temperature verification results

Figure 60 shows the results for the vibration data stream and indicates incorrectly
flagged unreliable data points that correlate to the incorrectly flagged data points of the

electrical current data stream.
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Figure 60: State-switching clean vibration verification results
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Erroneous Dataset
Figure 61 illustrates the results for the erroneous dataset for the running-status data
stream. The system identified two data points with low reliability. One of the data points

identified was indeed an erroneous data point and was correctly identified.

1.2 1.2
1.0 10 S
T g
S
0.8 0.8
= o
[7)]
S o6 0.6 2
o 8
D %
0.4 0.4 D
c
[
0.2 02 3
0.0 L«m 0.0

00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00
Time of day

mmm Running status Hanging Running status Impossibility
mmm Running status Intrinsic —e—Running status Contextual
—Running status Value

Figure 61: Erroneous dataset running verification results

The results for the electrical current data stream are displayed in Figure 62. Three data
points were flagged as low reliability. Unfortunately, the system incorrectly identified all

three points. However, the last identified data point was close to an erroneous one.
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Figure 62: Erroneous dataset electrical current verification results

The results for the temperature data stream are displayed in Figure 63. The system
identified five data points as being unreliable. Of the five identified data points, three

were incorrectly identified.

1.2 5
1.0 T‘T
0.8

0.6

Boolean

0.4

o.ool—lmmm“l—imo

01:26 03:44 18:03 03:17 14:11 17:06 18:24 08:33 03:24 02:48 10:33 20:28
Time of day

Temperature ("C)

—Temperature Impossibility =——Temperature Intrinsic
—Temperature Contextual —e=Temperature Combined
—Temperature Hanging

Figure 63: Erroneous dataset temperature verification results
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Figure 64 displays the results for the vibration data stream. In the above figure, it can
be seen that the system identified one data point as being unreliable. Unfortunately,

the system incorrectly flagged this data point, leaving the unreliable data point

undetected.
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Figure 64: Erroneous dataset vibration verification results
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Appendix C: Case study results

C-1: Component A
Component A was deemed to have reliable data, as only 11% of the data points were
flagged as unreliable (Figure 65). An overwhelming majority of the unreliable data

points identified by the system were identified using contextual methods.
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Figure 65: Component A reliability results percentage breakdown

Figure 66 shows the categorisation of valid and flagged data points by the
characteristics for Component A. The vibration and temperature characteristics

contained most of the unreliable data points.
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Figure 66: Component A reliability results breakdown
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C-2. Component B

Component B was identified as having the highest fraction of unreliable data,
highlighting a problem in the measurement equipment used to monitor this component.
Figure 67 displays the troubling reliability breakdown. Roughly 40% of the data points

were flagged as unreliable by contextual methods.
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Figure 67: Component B reliability results percentage breakdown

Figure 68 displays the spread of unreliable data across the different characteristics.
The temperature characteristic was the only data stream with more than 60% reliable
data. The vibration characteristic was heavily flagged by the intrinsic methods,

accounting for more than 40% of the data points in the data stream.
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Figure 68: Component B reliability results breakdown
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Figure 69 displays a diurnal plot for 4" January 2020 for each of the four
characteristics. It can be seen that the component was switched off as both the running
status and electrical current drawn are zero. Considering the minimal variation in the
temperature values, further claims are made that the component was indeed in the off
state. A corresponding vibration value of between zero and the environmental vibration
is expected. For this component, the environmental vibration was calibrated to zero.
As the vibration measurements never go below 0.19, this indicates that the vibration

sensor was not correctly calibrated, and as a result, has a floating value.
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Figure 69: Uncalibrated vibration sensor for Component B (4 January 2020)

Figure 68 indicates a large number of unreliable data flagged by the contextual
methods. The condition of the sensors may have deteriorated during the year, as
reflected by examining the diurnal operation of Component B at year-end (31%t

December 2020) as an example.

Figure 70 illustrates conflicting operational states between the different characteristics.
From a temperature perspective, the component was off between 00:00 and 03:00,
switched on at 03:00, switched off again between 05:00 and 06:00, and remained off
for the rest of the day. From an electrical current perspective, the component was in
operation for the entire day, with reduced loads/strain for 03:00 - 06:30 and 19:30 —
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21:00. From a running perspective, the component was only switched on between
03:30 and 06:30.
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Figure 70: Severe sensor issues identified for Component B (31 December 2020)

The vibration reading implies that the component was never in operation, as it read a
constant negative value. The negative values highlight that the vibration sensor was
uncalibrated, as negative values are a physical impossibility. The temperature and
running characteristics align and are inverted from the electrical current. It is unclear
what the actual operational state of the component was for the day. The safest solution

would be to dismiss all data streams as being unreliable.

This analysis of Component B supports the need for this study set out in Chapter 2, as
both the intrinsic and contextual methods identified different data as unreliable.
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C-3: Component C
Component C had a total of 19% unreliable data points. Figure 71 illustrates that most

of these (14%) were identified by the intrinsic methods.
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Figure 71: Component C reliability results percentage breakdown

Figure 72 illustrates that the temperature characteristic consists of mostly unreliable
data points. The system flagged the data points in question as unreliable for one of
three reasons:

e The measured values are impossible values for the characteristics
e The values are absent, or
e There are repeating values for extended periods outside of an expected range.

Considering the above, it was concluded that the measurement equipment

disconnected or was not calibrated correctly.
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Figure 72: Component C reliability results breakdown
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C-4: Component D

Component D contained an even split between data points flagged as unreliable by
the intrinsic and contextual methods (Figure 73). Figure 73 suggests that the
measurement equipment used for Component D was not correctly calibrated, as there
is an even split between unreliable data identified by the intrinsic and contextual

methods.
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Figure 73: Component D reliability results percentage breakdown

Figure 74 illustrates how the unreliable data identified by the contextual methods are
distributed between all four characteristics. It can be seen that the unreliable data
identified by the intrinsic methods are concentrated on one characteristic - vibration.
Conversely, the unreliable data identified by the intrinsic methods are primarily
concentrated in the vibration characteristic.
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Figure 74: Component D reliability results breakdown
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Upon further investigation, it was found that the vibration measurement equipment was
not correctly calibrated. For example, the diurnal plot (Figure 75) illustrates that the
component was switched off for most of the day. The measurements during the off
stages, although hard to see, are negative values. Negative values for the vibration
characteristic for this component are impossibilities and were thus flagged as

unreliable, regardless of how small the negative values are.
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Figure 75: Uncalibrated vibration sensor for component D (1 January 2020)
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-5. Component E

Component E had a large amount (21%) of unreliable data, as displayed in Figure 76.
Most of the unreliable data points (17%) were flagged as unreliable by the contextual
methods.
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Figure 76: Component E reliability results percentage breakdown

Looking into more detail, Figure 77 shows that unreliable data are spread across all

four characteristics, with the running status having the largest concentration.
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Figure 77: Component E reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-6: Component F

Component F can be seen as a well-monitored component, as it contains a low
percentage of unreliable data. Figure 78 illustrates that component F has an even
spread of unreliable data identified by the different methods.
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Figure 78: Component F reliability results percentage breakdown

Expanding on this statement, Figure 79 suggests an even spread of unreliable data
across the four characteristics.
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Figure 79: Component F reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-7. Component G

Component G, similar to component F, can be seen as a well-monitored component,
as illustrated by Figure 80. There are minimal unreliable data (2%) spread evenly over
all four characteristics, as displayed in Figure 81.
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Figure 80: Component G reliability results percentage breakdown
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Figure 81: Component G reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-8: ComponentH
Component H had a large amount (34%) of unreliable data. Figure 82 illustrates how

contextual methods flagged 20% of the available data.
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Figure 82: Component H reliability results percentage breakdown

Figure 83 shows the distribution of unreliable data across the characteristics.
Unreliable data are found in the measurements of all four characteristics; however, the
temperature characteristic contains more than 30% of unreliable data identified by the
intrinsic methods. Similarly, the running characteristic contains more than 40% of

unreliable data identified by the contextual methods.
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Figure 83: Component H reliability results breakdown

Figure 84 displays the characteristic diurnal profiles for Component H for 13" April

2020. The temperature reading stays constant with a single exception at 19:00.
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Despite the zero electrical current and the vibration reading below the environmental
vibration, the run status indicates that the component is in the on state. The
temperature reading should not be constant, as the environmental and machine
conditions constantly change. This constant value repeats for numerous datasets,
resulting in the intrinsic methods flagging the data points as unreliable. Considering
the electrical current and vibration values, it appears that the running status is

erroneously inverted, indicating on rather than off status.
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Figure 84: Diurnal characteristic profiles for Component H (13 April 2020)
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-9: Component |
Component | is a well-monitored component. Figure 85 illustrates the limited number

of unreliable data points.
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Figure 85: Component | reliability results percentage breakdown

These few unreliable data points are spread evenly across the four characteristics, as

seen in Figure 86.
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Figure 86: Component | reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-10: Component J
Component J has close to 25% unreliable data across the four data streams (Figure
87).
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Figure 87: Component J reliability results percentage breakdown

Despite Figure 87 illustrating a high level of unreliable data, these untrustworthy data

points are spread across the four characteristics, as seen in Figure 88.
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Figure 88: Component J reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-11: Component K
Figure 89 indicates that 16% of the data associated with Component K are unreliable.

Most of the unreliable data are flagged by the contextual methods.
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Figure 89: Component K reliability results percentage breakdown

Figure 90 illustrates how the unreliable data for Component K are divided between the
four characteristics, with the temperature characteristic containing the least amount of

unreliable data.
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Figure 90: Component K reliability results analysis
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-12: Component L
Figure 91 indicates a large fraction (17%) of unreliable data linked to Component L,

most identified by the contextual methods.
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Figure 91: Component L reliability results percentage breakdown

Figure 92 shows that the unreliable data is concentrated in the electrical current and

temperature characteristics.
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Figure 92: Component L reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-13: Component M
Figure 93 highlights a concern for Component M with 27% unreliable data, flagged by

the contextual methods.
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Figure 93: Component M reliability results percentage breakdown

Figure 94 was created to gain more insight into where the unreliable data was

concentrated. In this case, the unreliable data were evenly spread across all four data

streams.
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Figure 94: Component M reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-14: Component N
Component N contains limited (12%) unreliable data. Figure 95 indicates how the
unreliable data identification is split between the intrinsic and contextual methods.
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Figure 95: Component N reliability results percentage breakdown

Figure 96 illustrates the distribution of unreliable data between characteristics.
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Figure 96: Component N reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-15: Component O
Component O contains a high percentage (91%) of reliable data (Figure 97). Figure 98
shows that of the unreliable data, most is concentrated in the electrical current
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Figure 97: Component O reliability results percentage breakdown

characteristic.
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Figure 98: Component O reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-16: Component P

More than 50% of the data for Component P is unreliable (Figure 99). Figure 100
illustrates that both the intrinsic and contextual methods flagged a significant number
of data points as unreliable. Figure 100 illustrates that unreliable data are distributed

across all four characteristics.
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Figure 99: Component P reliability results percentage breakdown
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Figure 100: Component P reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

Figure 101 displays the characteristic diurnal profiles for 25" September 2020 to
illustrate the data failures displayed in Figure 100. The running status indicates that
the component was in operation for the entire day, excluding 17:30 to 21:00. Looking
at the other three characteristics, it is implied that the component was actually in the
off state. Despite the other characteristics contradicting the running characteristic, the
changes in the running status do not reflect in any of the other characteristics. This

brings the reliability of the running status measurements into question.
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Figure 101: Diurnal profiles for Component P (25 September 2020)

Evaluating the electrical current drawn, it is noted that the value is not in the expected
region of Component P when it is in the on state, implying that the component is in the
off state. However, the values are also not zero, implying that the measuring equipment
was not calibrated correctly.

The temperature profile flat-lines on a value, which is unexpected for a temperature
profile. This brings the reliability of the measurements into question. It appears that the
temperature sensor was disconnected from the component and was registering to a
floating value.
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-17: Component Q

Component Q contains 35% unreliable data, as displayed in Figure 102.
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Figure 102: Component Q reliability results percentage breakdown

Figure 103 highlights the breakdown of data point reliability classification. The intrinsic
methods classify many unreliable data points for the electrical current characteristic.
Upon investigation, it was found that the electrical current data stream contains a lot
of static, negative values. This would imply that the measurement equipment might
have disconnected from the component on multiple occasions and was incorrectly

calibrated.
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Figure 103: Component Q reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-18: Component R
The data reliability of the data streams linked to Component R is displayed in Figure
104.
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Figure 104: Component R reliability results percentage breakdown

Figure 104 was analysed from a characteristic perspective. Figure 105 illustrates that
the electrical current characteristic contains a large amount of unreliable data identified
by the intrinsic methods. During a further investigation, it was found that the
measurements exceeded the upper limit of possibility defined for the component. Due
to the number of such instances, it was concluded that the upper limit was incorrectly
configured. Data points were thus flagged as unreliable that might otherwise be reliable

when the component limits were correctly configured.
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Figure 105: Component R reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-19: Component S
Figure 106 illustrates that unreliable data makes up 28% of the available data for
Component S.
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Figure 106: Component S reliability results percentage breakdown

Figure 107 displays the distribution of data reliability across the different
characteristics. From this figure, it can be seen that unreliable data are present in all

four characteristics.
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Figure 107: Component S reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-20: Component T
The data reliability results for Component T are displayed in Figure 108. Contextually

unreliable data make up the largest portion of unreliable data.
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Figure 108: Component T reliability results percentage breakdown

Figure 109 illustrates how data reliability was classified on a characteristic level.
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Figure 109: Component T reliability results breakdown
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DETERMINING THE INTEGRITY OF SINGLE-SOURCE CONDITION-BASED MAINTENANCE DATA .

C-21: Component A data resolution

To investigate how data resolution impacts the accuracy of the proposed system, the
system evaluated data for the same time range on 2-minute and 30-minute resolution
data. The measurements were recorded at 2-minute intervals. An equivalent 30-minute

resolution data stream was created by averaging the data over 30-minute intervals.

The percentage breakdown of the integrity for the 2-minute dataset is displayed in
Figure 110, which illustrates that only a small percentage of data was identified as

unreliable.
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Figure 110: Two-minute resolution dataset reliability percentage results

A detailed breakdown of the characteristics is illustrated in Figure 111.
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Figure 111: Two-minute resolution dataset reliability results
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In contrast, Figure 112 displays the percentage breakdown of data integrity for the 30-
minute resolution dataset. The 30-minute resolution dataset has a five times higher

percentage of unreliable data points (10%) than the 2-minute resolution dataset.
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Figure 112: Thirty-minute resolution dataset reliability percentage results

A detailed breakdown of the results is displayed in Figure 113.
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Figure 113: Thirty-minute resolution dataset reliability results

By comparing the results from the 2-minute and 30-minute resolution datasets, it can
be concluded that the higher resolution data yields an increased percentage of reliable
results, ultimately resulting in more accurate system analyses.
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