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Abstract

This study presents the development and testing of a Digital Twin (DT) for the crushing circuit in
a South African mining environment, using advanced machine learning (ML) methods. The key
objective was to select the best ML algorithm for the crushing circuit DT development. Data was
collected over a 12-month period from sensors and Supervisory Control and Data Acquisition
systems across key components of the crushing circuit, then pre-processed and integrated for

analysis.

The methodology involved defining the requirements and establishing data exchange protocols to
select, train and validate ML models. Multiple approaches were evaluated, including traditional
statistical methods (Autoregressive Integrated Moving Average) and advanced neural networks,
including the Gated Recurrent Units (GRUs), Long Short-Term Memory (LSTM), and Transformer
models. Hyperparameter optimisation using frameworks like Optuna was employed to fine-tune
model performance, with predictive accuracy assessed via the coefficient of determination, root
mean square deviation, and mean absolute error metrics. The results highlighted that the DT
reliably captures equipment behaviour, with Recurrent Neural Network-based models (LSTM and
GRU) achieving high predictive accuracy. The study concluded that the GRU model was the best
ML approach and provides the mining industry with an efficient DT to predict the percentage
product material under 80% of the target particle size distribution, which is crucial to maximise
throughput and downstream milling efficiency. This paves the way for future advancement of DT

in the mining industry.

The complexity of this work lies in its comprehensive integration and comparative analysis of
diverse ML models to develop a high-fidelity DT tailored for a mining application, an area with
limited prior research. By addressing challenges unique to the South African mining context, this

study offers a robust DT framework that can be used for DT development in the crushing circuit.

Future work is recommended to expand DT applications to other mining processes and further
validate the framework under real-time operational conditions. These advancements will
contribute to sustainable mining practices and accelerate the adoption of digital transformation

initiatives within the industry.
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1 Chapter 1: Introduction

This chapter defines Digital Twins (DTs) and their application in the mining industry. It
also motivates that the growth of DT applications has the potential to solve mining-related
challenges. It further presents the key area of this research, which is a crushing circuit
within a process plant of a mine in South African. The flow of the chapters is presented to
provide a concise overview of the thesis structure and the interconnectedness of the key

sections of the study.

The South African mining industry significantly impacts the economy, the workforce, and
surrounding communities [1]. An illustration of a mining value chain is shown in Figure
1.1 [1]. When prospectors identify a resource and determine its economically feasible to
mine, a mining right authorisation must be secured from the mandated authority.
Following which, a mine can be established and a processing plant can be built. Processing

of ore then commences. This thesis focuses on the crushing circuit of the plant.

" Establish Mining and Extract and Market and Product and
Prospecting — Exploration — ] e - o ]

Feasibility Excavation Process Sell Use

___________ Extract and Process

v 1 ¢

> Crushing L P Classification |— Concentration — Recovery —p

v

Figure 1.1: A general mine value chain, modified from Rajagopalan [1]. This study focused on the

dashed line.

The mining value chain, as shown in Figure 1.1, consists of seven main stages:
Prospecting, Exploration, Establish Feasibility, Mining and Extraction, Extract and
Process, Market and Sale and Product and Use [1]. Each stage represents a critical

component in the journey from identifying a mineral resource to delivering it to market

[1].

1. Prospecting: This is searching for mineral deposits and establishing mineral
characteristics of the deposit.
2. Exploration: This phase involves searching for mineral deposits using advanced

techniques such as geological mapping and geophysical surveys.
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3. Establish Feasibility: This study is conducted to assess whether the mining project
is economically viable and to secure financial investment for its development.

4. Mining and Extraction: Minerals are extracted from the earth through various
mining methods, including surface or underground mining.

5. Extractand Processing: This stage involves crushing, grinding, and processing the
extracted materials to separate valuable minerals from waste.

6. Market and Sale: This stage links the outputs of the mine to the customer base.

7. Product and Use: At this point, the product is refined, and it is ensured that

responsible producer principles are applied until end-of-life.

According to the Minerals Council South Africa [2], 477 000 people were employed in the
mining sector in 2023, contributing substantially to employment in the country. Beyond
job creation, the industry invested in education and training programmes, benefiting
employees and local communities alike. The combined contributions to company taxes
and royalties totalled R104 billion in 2023, directly supporting the nation's fiscal capacity

and development initiatives [2].

Figure 1.2 illustrates the mining industry's economic contributions in 2023 across
multiple dimensions, including its direct gross domestic product contribution of R425.6
billion, revenue of R786.2 billion, and mineral exports valued at R781.6 billion [2]. This
value add underscores the critical role of mining in driving economic activity, generating
revenue, and sustaining livelihoods in South Africa [2]. Moreover, the employee earnings
of R186.5 billion highlight the sector's ability to uplift household incomes, while the pay-
as-you-earn contributions of R31.3 billion reflect its substantial impact on government

revenue through taxation [2].

From the context of this thesis, the data in Figure 1.2 is directly relevant to understanding
the need for efficiency improvements and technological advancements in mining
operations [2]. With mining operations accounting for a significant portion of South
Africa's economic activity, it is imperative to modernise and optimise processes to sustain
this contribution amidst challenges like ageing infrastructure, which increases
inefficiencies and risks; depleting mineral resources, requiring more energy-intensive
processing; and rising operational costs due to fluctuating commodity prices, energy
expenses, and labour disputes. These challenges threaten the sustainability of the

industry's economic and social contributions, as depicted in Figure 1.2.
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— Snapshot 2023:

Direct GDP Percentage
production contribution | contribution

R11 R425.6 to GDE
trillion billion 6.2%

(2022: R1.2 trillion) Jl (2022: R483.3 billion) (2022: 7.3%)

Minerals
exports Employment

R781.6 477,000
billion (2022: 469,353)

(2022: R882.8 billion)

Employee PAYE by VAT (net

CETGINT mining outflows) Royalties

employees

R186.5 R37.2

billion R31.3 billion
(2022: R174.2 billion) hllllon (2022: R28.9 billion)
(2022: R271 billion)

R14.1
billion

(2022: R25.3 billion)

MINERALS COUNCIL SOUTH AFRICA MINING MATTERS TO SOUTH AFRICA AND ITS PEOPLE Page 1

Figure 1.2: Mine contribution in South Africa for 2023 [2]

A focus on modernising the mining sector, as highlighted by the Mine Modernisation
Programme, aligns closely with the adoption of digital technologies such as DTs. These
technologies offer solutions to optimise critical components of mining operations, such as
crusher circuits, which play a central role in ore processing [1]. By implementing
predictive analytics and process optimisation, DTs could help address inefficiencies,
improve safety, and ensure the sustainability of mining operations, directly contributing

to the objectives of modernised, safe, and fulfilling workplaces.

1.1 Modern Mines

The mining sector has significantly increased its contribution to the economy by
leveraging technology to build connected systems [2]. These advancements have enabled
more efficient mining operations, early detection of failures, and improved safety
performance [3]. As part of this transformation, digital mines are being developed using
a combination of advanced technologies, such as sensors and software, to create
integrated systems that enhance operational efficiency, optimise processes, and support

data-driven decision-making [4].
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The five characteristics of a digital mine are shown in Figure 1.3. A digital mine is
integrated and technology driven [4]. It transforms traditional mining operations by
leveraging advanced systems and data analytics [4]. [t starts with real-time data capturing
and feedback, where sensors continuously gather information on operational metrics and
environmental conditions, enabling operators to adjust processes instantaneously [4].
Enhancing real-time monitoring of the environment and assets to continuously track
equipment health and environmental safety, allowing issues to be identified and resolved
proactively before they escalate. The use of digital twinning further enhances efficiency
by creating virtual replicas of the mine, allowing for the simulation of different scenarios
and testing of options without disrupting the actual mining process [4]. A digitally
connected workforce enables effective collaboration and real-time data access for both
on-site and remote team members. Autonomous mining further increases productivity
and safety by using robotics and automated systems to handle high-risk tasks with little
human involvement. Together, these five characteristics streamline operations and

enable more sustainable and resilient mining practices [4].

Real-time
data
capturing
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Real-time
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& asset mining
monitoring
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Figure 1.3: Characteristics of a digital mine [4]

Machine Learning (ML), a subcomponent of Artificial Intelligence (Al), plays a pivotal role
in enabling digital mines [5]. ML is based on creating algorithms that can learn from the

data and gradually enhance their performance with additional information [5]. These
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algorithms analyse past experiences, which are primarily represented as datasets, to
create predictive models. Once trained, these models can be used for various tasks,
including pattern recognition, anomaly detection, classification, regression, and
forecasting. By utilising algorithms and statistical models, ML systems can analyse vast
amounts of data and make autonomous decisions with minimal human intervention [6].
This capability improves operational efficiency and enhances safety by enabling higher-
order controls and more proactive risk management approaches, a concept commonly

referred to as intelligent mining [6].

In digital mines, sensors are strategically installed at key locations to facilitate continuous
monitoring of environmental conditions and operational parameters [4]. These sensors
allow for the rapid detection of changes, improving decision-making processes and
minimising risks. Additionally, these sensors track equipment performance and location
in real time, enhancing asset utilisation and operational efficiency. When integrated with
DT technology, ML-powered systems further elevate predictive capabilities by analysing
sensor data to forecast potential equipment failures [4]. These integrated ML-powered
systems result in reduced unplanned downtime, an optimised maintenance schedule, and

enhanced overall productivity [4].

In digital mines, sensors are placed at critical points to continuously monitor
environmental and operational conditions, enabling quick identification of changes,
supporting better decisions, and reducing risks. These sensors also provide real-time data
on equipment performance and location, improving asset use and efficiency. With DT
technology, ML-driven systems analyse sensor inputs to predict equipment failures,

leading to less unplanned downtime, more efficient maintenance, and higher productivity.

By incorporating these advanced technologies, the mining sector is moving toward
smarter, safer, and more efficient operations, positioning itself to address industry

challenges while maximising its economic contributions.

1.2 Digital Twins

DT applications are a growing technology area within the industry [7]. Dr Michael Grieves
first highlighted the DT concept in his 2002 lecture [7]. He described DT as a digital
representation that mirrors the actual product with three main parts, viz., the real-world
product, the virtual counterpart, and the link that connects them [7]. The connection
component enables the tracing of the equipment's behaviour in real time to allow the

operator to improve the utilisation and efficiency of the equipment. DTs will also indicate
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if scheduled maintenance is necessary based on the performance of real equipment and
benchmarked data. Scheduled maintenance would result in savings for the business as it
would decrease unnecessary service costs. For example, General Electric used digital
twins to monitor and manage engine performance across its own fleet and that of a
partner airline [8]. DT technology has been extended into mining applications, including
maintenance optimisation for multi-unit systems. In such applications, a DT framework
integrates discrete event simulation with system dynamics modelling to replicate mining
operations and optimise maintenance policies [9]. This integrated approach enables a
detailed evaluation of equipment performance and maintenance scheduling, which, in
turn, helps reduce maintenance visits and saves millions of dollars in unnecessary

maintenance stops through actionable DT insights [10].

The 2019 Gartner survey on DT entry into mainstream reported that 75% of
organisations implementing [oT (Internet of Things) are already (13%) or planning to use
(62%) DTs [11]. The Deloitte study on expected DT added that DT technology is becoming
more widespread and is expected to grow with a 38% combined annual growth rate to

reach 16 billion dollars by 2023 [10].

Through the implementation of DT technology, mining equipment can be continuously
monitored by creating a virtual replica that mirrors its historical data and real-time
performance [12]. By comparing the operational data from the physical equipment with
its digital counterpart, any discrepancies or deviations in performance can be detected
early. When the real equipment fails to operate at optimal levels, the DT can signal
potential issues, prompting timely maintenance interventions [9]. This approach, known
as condition-based maintenance, enables proactive fault detection, preventing equipment
failures before they escalate. As highlighted in previous studies, the ability to compare
real-time data with an optimised virtual model allows for immediate identification of
performance anomalies [12]. If delays or inefficiencies arise in the physical system
compared to the expected performance of its DT, maintenance teams can respond swiftly,
reducing downtime and conserving operational resources. This predictive approach to

maintenance enhances the efficiency, reliability, and lifespan of critical mining equipment

[9].
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Figure 1.4: Digital Twin decision-making framework [13]

The DT framework in Figure 1.4 illustrates the continuous, cyclical relationship between
the Physical Twin, its DT virtual counterpart, and the decision-making process that
supports both [13]. The Physical Twin refers to the real-world equipment or operation,
such as mechanical equipment, a piece of infrastructure, or the mine. The performance
and condition can be measured through sensors or other data-gathering methods [12].
These measurements and observations feed directly into the DT, a virtual model that

mirrors the status quo of the physical system with a high level of accuracy [7].

Once the DT is updated with real-time inputs from the Physical Twin, it can be used to
analyse performance, simulate various scenarios, and predict outcomes under different
conditions or operational changes [13]. Insights collected from this model are then fed
into the decision-making process, which can involve automated algorithms, human
experts, or a combination of both. Based on the insights provided by the DT, decisions are
made. This would involve optimising performance, scheduling preventative maintenance,

or implementing new operational strategies [13].

These decisions, once finalised, are then applied back to the Physical Twin, adjusting how
it operates, updating parameters, or making necessary changes on the ground. Once these
changes are implemented, the process continues with the Physical Twin's new data
flowing back into the DT, which updates accordingly, and the cycle repeats. This closed-
loop feedback system allows for continuous improvement, helping organisations respond
rapidly to changing conditions, reduce downtime, optimise efficiency, and make better-

informed, data-driven decisions [13].
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The rapid growth in the adoption of DTs is attributed to delivering business value and is
an integral part of the organisation's digital strategy [11]. The drawback to DTs is that
building an impactful DT is a complex and iterative task due to the need to integrate many
interconnected technologies and data sources [14]. One major challenge is defining clear
requirements, including identifying the DT's purpose, data needs, and constraints, such
as data accuracy and infrastructure limitations. [14]. The attractiveness, however, is that
DT applications can be scaled up by starting small, i.e., single process applications within

the industry.

The complete benefits of DT technology in the mining sector are summarised in Table 1.1.
These contributions span multiple areas, including technological advancements,
operational efficiency improvements, sustainability efforts, academic knowledge, and
practical industry solutions. By leveraging DT technology, mining operations can achieve
real-time, data-driven decision-making and significantly enhance safety, efficiency, and

sustainability.

Table 1.1 highlights how DT supports the optimisation of processes, predictive
maintenance, and energy efficiency while also addressing knowledge gaps in the context
of South African mining operations, particularly for critical systems like crushing circuits.
This comprehensive approach demonstrates how DT can be a transformative tool for

achieving safer and more efficient mining operations.

Table 1.1: Key areas of contribution and applications of Digital Twin technology in mining

Area of Contribution Application Reference
Technological Optimising the process, predictive [7]
advancements maintenance of key equipment and

automation of plant in the mining sector

Operational efficiency Contributing to increased throughput, [10]
improvements reducing costs and better energy efficiency of

the mechanical equipment

Sustainability efforts Reducing material waste and lowering the [8]

overall carbon footprint of the process plant

Practical industry Enhancing process plant safety and [4]

solutions operational efficiency




U Govender

1.3 Purpose of the Study

Although there are documented benefits of DT to industry, a study by Lottermoser and
Barnewold in 2020, which analysed 158 active surface and underground mines, found no
significant benefits of using Al and ML [15]. Furthermore, there was poor data quality,
insufficient infrastructure, skill shortages, cultural resistance, strict regulations, high
costs with uncertain return on investment, data security concerns, and challenges in
integrating with legacy systems [15]. These issues, therefore, hindered the effective

adoption and realisation of Al and ML's full potential in the mining industry.

Considering these difficulties, the application of DT technology emerges as a suitable
solution to address the limitations currently hindering the mining industry's adoption of
Al and ML. By focusing on a single application and applying a quantitative approach with
historical data, the current study sought to identify the most effective ML model to

support the development and deployment of a DT tailored for mine operations.

This study focused on the crushing circuit within the processing phase, as described in
Section 1.1. This phase is critical as it transforms raw materials into a manageable size for
subsequent processes. The crushing circuit was selected because it leads to increased
complexity in maintenance due to the constant motion of the equipment, making it a

prime candidate for optimisation [16].

Furthermore, the crushing circuit contributes heavily to the energy usage, maintenance,
and overall efficiency of mining operations. DTs can contribute to improving energy
efficiency by optimising equipment performance and reducing material waste [13]. This
not only supports the sustainability goals of mining operations but also enhances
productivity, making the crushing circuit a cornerstone for the implementation of DT

technology.

1.4 Problem Statement

There are limited applications of DT in South African mines [17], particularly in the
crushing circuit. Poorly maintained or inefficient crushing circuits can create bottlenecks
in production, reduce plant efficiency, and increase operational costs. Additionally, the
dynamic and mechanical complexity of the crushing circuit makes it highly susceptible to
wear and tear, further emphasising the need for process optimisation of the equipment

[18].
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Most mines do not have a structured approach for the collection of connected and offline
datasets [14]. However, it is important to have an accurate set of input information from

instruments at the mine to implement production optimisation.

Hence, this study focused on developing a DT for an existing mine in South Africa by
leveraging advanced ML approaches. The research emphasises the collection,
preprocessing, and organisation of relevant data from the crushing circuit to facilitate the

development of a sophisticated ML model within the DT framework.

1.5 Research Question

To develop a DT for the crushing circuit of a process plant, the following research question

was addressed in this study:

What is the best ML approach to build a DT for the crushing circuit as part of the process

plant at the mine?

1.6 Aims and Objectives

To answer the research question, this research was directed at understanding the ML
approaches available for DT applications. The study explored DT solutions for the
crushing circuit. The performance of the DT solution was quantified through a clear

definition of the validation and testing criteria.
Therefore, the research objectives were to:

1. Collect the multivariate time sensor data for the crushing circuit and pre-process
the data for ML;

2. Develop modelling approaches to capture the dynamic behaviour of the crushing
circuit equipment using ML and;

3. Identify the best ML method for developing a DT for the crushing circuit by

comparing the different experimental results.

1.7 Research Significance

Along with the limited applications of DT technology in the mining industry [18], this
study aimed to support the growing body of knowledge by exploring the effectiveness and
potential of DT applications in a mining environment. While DT technology has seen
success in other industries, such as manufacturing and energy management, its adoption
in mining remains limited, with only a 4% share of published papers [19]. The lack of

10
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research on DT is particularly evident in critical mining processes such as the crushing
circuit [19]. This study sought to fill this gap by demonstrating how DTs have the potential
to monitor, forecast, and optimise the performance of the crushing circuit. The insight
gained from the study is expected to provide guidance for future DT innovation, which

would accelerate digitalisation in the mining sector.

Furthermore, the study is particularly relevant to the South African mining industry,
where the sector faces unique challenges such as ageing infrastructure, declining ore
grades, and increasing operational costs. By leveraging DT technology, this study sought
to deepen the understanding of equipment behaviour, enabling more informed decision-

making and proactive maintenance strategies.

1.8 Limitations

The limitation of this study is the relatively narrow scope, focusing specifically on a single
aspect of the mining process: the crushing circuit. While this targeted approach allows for
a detailed exploration of the application of DT technology and ML methods, it does not
encompass the broader aspects of the mining value chain or other critical equipment. As
a result, the findings may not be directly generalisable to other mining operations or

equipment types without further validation.

1.9 Thesis Outline

The thesis is structured into five chapters. Chapter 1 introduces the research topic,
outlining the research problem, aims, objectives, hypothesis, limitations, and questions
while also highlighting the study's significance. Chapter 2 provides a comprehensive
literature review, discussing the background of DTs and various ML models and
identifying gaps in current research. Chapter 3 details the methodology, including
exploratory data analysis and the application of different ML models. In Chapter 4, the
results are presented and discussed, with a comparison of the accuracy of each model's
predictions to determine the most suitable approach for building a DT. Finally, Chapter 5
concludes the thesis by offering recommendations for the optimal ML model for DT
development and suggesting directions for future research and further applications of DT

technology.

11
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1.10 Chapter Summary

This chapter introduced the concept of DT and its potential applications in the mining
industry, particularly in addressing challenges related to operational efficiency,
predictive maintenance, and energy optimisation. The contribution of the mining sector
to the South African economy was highlighted, emphasising the need for technological
advancements to sustain its contributions amidst pressing challenges such as ageing

infrastructure, rising costs, and depleting mineral resources.

The focus of this study was on the crushing circuit within the processing phase (Figure
1.1). The justification for selecting the crushing circuit is that it plays a critical role in
mining operations and presents unique challenges compared to other equipment. The
research problem, aims, objectives, and research question were clearly articulated,

outlining the scope and direction of this study.

12
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2 Chapter 2: Literature Review

This chapter presents a literature review to examine key research areas, unpack the
research gaps, and establish foundational knowledge for this study. Three main topics are
highlighted, viz., introduction to DT, ML methods, and ML applications in the mining
environment. This chapter also bridges the gap between DT and ML in the mining

industry by exploring current use-case examples.

The previous chapter explored the definition and benefits of DT. This section focuses on
the development of a protocol to build a DT, as well as verify and validate that the purpose
is being achieved. The DT uses various information sources to collate real-time data for
accurate modelling of equipment [20]. The equipment is modelled using analytics in a
virtual setting [21]. DTs operate as proxies for the combination of inputs from people and
traditional monitoring devices and controls. The use case to optimise the fleet
maintenance of the operations in a mining environment showcases both the
maintainability and profitability of the DT. The DT identifies optimal fleet configurations
and maintenance schedules, which improve equipment utilisation and minimise
maintenance costs. This highlights DT's effectiveness in a mining environment, though it
application is currently limited to specific use cases. A further use case for DT applications

is explored in this chapter.

2.1 Digital Twin Development

The development of a DT is guided by a use-case scenario. The proposed nine principles
or high-level value statements for an effective DT, as per the University of Cambridge, are
shown in Figure 2.1 [22]. There must be a clear purpose for the development of the DT.
This is demonstrated through strategic needs, such as social, financial, operational,
governance or environmental. As such, a DT must feature the organisation's digital

transformation strategy with clear ownership defined [22].
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Figure 2.1: Adapted from the University of Cambridge Gemini nine-step principles [22]

In addition, there is an accepted methodology for collating and integrating real-time data
for a dynamic, robust, and agile DT [20]. The limitation of the current methodology is that
it is not extended into the mining industry, and it is still in the infancy stage of
implementation. The methodology shown in Figure 2.2 indicates a streamlined and
integrative process for developing and validating data requirements within an Enterprise

Asset Management (EAM) system. The steps are as follows [23]:

1. Identify and Categorise Requirements: Extract and organise organisational needs.

2. Develop Asset Functions and Systems: Create a classification system for assets
and their functions.

3. Identify Organisational Information Requirements: Align the information needs
with goals of the organisation.

4. Develop Functional Information Requirements: Define detailed functional data
requirements.

5. Develop Asset Information Requirements: Specify the detailed asset-related
information needed.

6. Validate Information Requirements: Review and ensure the Develop Asset
Information Requirements are fit for purpose. If not, refine and revalidate.

7. Document and Communicate: Finalise, document, and share the validated

requirements for implementation.

This process ensures that the data requirements are aligned with organisational goals,

validated for accuracy, and effectively communicated for use within the EAM system.
14
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Furthermore, by following this framework, a DT can effectively replicate physical assets,
enabling real-time monitoring, predictive maintenance, and optimised decision-making
in a mining environment [23]. The structured classification of asset functions ensures that
relevant operational parameters, such as equipment performance trends, energy
consumption patterns, and failure indicators, are systematically integrated into the DT.
The validation and documentation process ensures that the data feeding into the DT is

reliable, eliminating inconsistencies that could affect predictive accuracy.

In addition, the methodology aligns with industry best practices in EAM by ensuring that
maintenance and operational strategies are data-driven [23]. Being data-driven enhances
the DT's capability to detect inefficiencies, predict failures before they occur, and support
condition-based maintenance strategies. By leveraging these structured data flows,
mining operations could achieve improved equipment reliability, reduced downtime, and
enhanced overall process efficiency, contributing to increased productivity and cost

savings [13].

15



U Govender

/ Establishment of \.
e \ EAM system /

-~ -, e -
f// Record and clearly \\ B -
[ communicate the |
l'\ finalised information ,'I
\ needs to everyone //
o, o -
— _— Ve Y
_— f \
Gather and organise
what the business
Yes, it is suitable needs from its assets
) |
. A
I/_ _-\I
Validate the information ,f/ \,
to make sure itworks as
expected and meets the Group assets, systems,
needs and equipment into
'\_ _/' legical categories
.\_ _,/'
Mo, a review is required
ra Y
f \
Develop specific asset-level ,’/ _ ™
. . ] Match the business needs
information requirements o
-— to specific asset-related
based on those needs . .
information geals
'-\ ),-' (Organisational
- [ 3 - Information
|\\ Reauirements. or OIRs! |
I.r/_ _-\‘I
Break down the OIRs into
more detailed and usable %
information requirements
\ |
. vy
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Organisation Information Requirements (OIR) to improve the output of physical assets through a

Digital Twin [23]

A DT is created using four steps, as shown in Figure 2.3. Through this four-step process,
an accurate snapshot of the Physical Twin's current state is determined, providing a
systematic framework for developing a DT for the crushing circuit. By identifying the real-
life system, integrating sensors to collect real-time and historical data, and developing a
virtual model using ML algorithms, the DT enables predictive analytics to inform human
operators on site or remotely about potential issues and solutions [24]. This capability
allows for the prediction of imminent breakdowns and supports preventative actions,

thereby reducing downtime, optimising maintenance schedules, and improving
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equipment reliability [8]. Furthermore, the DT can simulate various operational
scenarios, offering a virtual testing environment for analysing equipment behaviour
under different conditions. These simulations can be used for training purposes, enabling

the mine to prepare for potential shutdowns, optimise processes, and enhance decision-

making [3].
1.1. Identify a real-life model and systems

1.2. Integrate sensors and collect the

required data from the asset

3. Integrate this collected data into a virtual

model to develop a model using algorithms

1.4. Apply data analytics and extract

insights for improvements and value add

Figure 2.3: Four-step process for creating a Digital Twin [24]

The DT relies on ML algorithms to significantly enhance and expand its predictive,
analytical, and decision-making capabilities [13]. ML models empower DTs by efficiently
processing large volumes of real-time and historical data, identifying complex patterns,
accurately predicting equipment failures, and effectively simulating diverse operational
scenarios [13]. Furthermore, ML's proficiency in handling vast, high-dimensional datasets
enables DTs to manage the complexity and in dynamic mining operations, leading to more
informed, and data-driven decisions [5]. The overview of ML algorithms, as well as use-

case integration with DT, follows.

2.2 Overview of Machine Learning

ML is a type of Al that helps systems to learn and make decisions depending on the data
[5]- The ML can recognise patterns and trends, which can be used to make predictions,

automate systems, and continuously improve the efficiency of systems [5].

DTs rely on advanced modelling techniques to develop an accurate digital model of actual

systems, enabling real-time monitoring, prediction, and optimisation [5]. Statistical
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methods and ML techniques are widely used to analyse sensor data and model equipment
behaviour [5]. These methods can be broadly categorised based on their tasks: prediction,

classification, and anomaly detection.

2.2.1 Statistical Methods

Statistical approaches, which include the Exponential Smoothing and the Autoregressive
Integrated Moving Average (ARIMA), are commonly used for time-series forecasting.
ARIMA, for example, has been widely applied in DTs for tasks to identify trends and make
short-term forecasts of equipment performance [8]. ARIMA is suitable for modelling time-
series data with stationary trends, making it effective for simpler systems with limited

data and linear behaviour [25].

2.2.2 Traditional Machine Learning Methods

Linear regression and decision trees, as regression models, are used to predict numerical
outputs. These outputs include energy consumption, production outputs, or equipment
wear [13]. These methods are computationally efficient and interpretable but limited in
capturing complex patterns. Support Vector Machines are effective for classification tasks,
such as detecting anomalies or failures in equipment based on sensor data [10].
Traditional ML models are useful for initial analysis where datasets are small or

moderately complex. They provide insights into basic relationships within the system.

2.2.3 Advanced Machine Learning Methods

Artificial Neural Networks capture non-linear relationships in data and are suitable for
predicting complex behaviours of physical assets. Long Short-Term Memory (LSTM)
Networks, a type of Recurrent Neural Network (RNN), are commonly used for DTs to
analyse multivariate time-series data due to their ability to retain long-term
dependencies in sequential data [16]. Similar to LSTMs, Gated Recurrent Units (GRUs) are
computationally efficient and are often applied to predict equipment behaviour and

remaining useful life.

Transformer models excel at processing sequential data and have demonstrated
improved performance in modelling time series, particularly in applications where long-

term relationships and high-frequency data are critical [14].

Advanced ML methods such as LSTMs, GRUs, and Transformer models were selected for
the current study due to their superior ability to model dynamic, non-linear, and time-

dependent behaviours of systems like the crushing circuit [16].
18
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2.2.4 Hybrid Methods

Hybrid approaches combine statistical models and ML techniques. For instance, ARIMA-
LSTM models integrate statistical forecasting (ARIMA) with deep learning (LSTM) to
enhance accuracy in complex systems [17]. Hybrid methods are useful for improving

prediction accuracy when data exhibits both linear and non-linear characteristics.

The selection of RNNs (LSTM and GRU), ARIMA, and the Transformer model makes sense
for this study as they align with the data type and objectives of the study [17]. The
crushing circuit generates multivariate, time-dependent data, which requires models
capable of handling sequential patterns and long-term dependencies. LSTM and GRU, as
advanced RNNs, are well-suited for capturing non-linear relationships and predicting
equipment behaviour, making them ideal for predictive maintenance. ARIMA, on the
other hand, serves as a baseline statistical model for analysing cyclical and trend-based
patterns, providing interpretability and efficiency for simpler data structures [25]. Lastly,
the Transformer model, with its self-attention mechanism, excels in managing large
datasets with complex interdependencies, offering scalability and accuracy for modern

DT applications.

Together, these models allow for a comprehensive comparison between traditional
statistical methods, modern ML approaches, and best practice techniques, ensuring the
identification of the most effective solution for optimising the crushing circuit's

performance.

2.3 Recurrent Neural Network

An RNN stores information over time using its internal memory [26]. Unlike standard
feed-forward neural networks, RNNs rely on hidden states to retain data from prior steps,
enabling it to capture long-range relationships between consecutive elements in a
sequence [26]. This ability makes them well-suited for tasks like time-series prediction
and speech recognition [27]. The model is designed for sequential data, which uses
memory from previous predictions [26]. The ML is suited for time-series forecasting,
which makes it an excellent choice for predicting the behaviour of the mechanical

equipment [26]. GRU and LSTM, two types of RNN, are reviewed in subsequent sections.

In each time step, an RNN processes the current input along with the hidden state from
the previous step to generate a new hidden state and an output [26]. This approach allows

the network to incorporate information from earlier parts of the sequence, helping it
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identify and learn patterns over time across the sequence [26]. The RNN architecture is

shown in Figure 2.4.
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Figure 2.4: Recurrent neural network architecture [26]

2.3.1 Hidden State Update

S, = f(Wx, + US,_, + b) (2.1)

In an RNN, the input at the time t is denoted as x; [26]. At each of the time steps, the
hidden state, S; is processed alongside the previous state indicated as S;_;. This
computation involves applying a weight matrix, which is denoted as W for the inputs and
U for the previous state. Additionally, the bias term, b is included to shift the resultant
values before they are passed through the activation function f, which is typically in the
form of hyperbolic tangent function, tanh. This function allows the neural network to

collect and learn complex temporal dependencies in the data [26].

2.3.2 Output Calculation

Ye=9WVS:+ o) (2.2)

The output of the function, y, at time t is derived from the hidden state S;. The hidden
state is transformed by the weight matrix V, which projects it into the output space [26].
The bias term, c is added to introduce non-linearity [26]. The function, g is typically in a
softmax function for classification tasks and linear models for regression problems. This
allows the neural network to generate outputs that can capture complex relationships

and patterns presented in the hidden states.
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However, RNNs face challenges when dealing with long-term dependencies due to issues
like vanishing and exploding gradients. These problems can make training difficult for
sequences with extended time spans [26]. To resolve these limitations, advanced
architectures such as LSTM networks and GRUs were developed [26]. These models
include mechanisms that improve their ability to handle long-term dependencies and

enhance training stability [26].

2.4 Gated Recurrent Unit

The GRU architecture addresses the exploding/ vanishing gradient by incorporating
gating mechanisms to help regulate the information flow through the network [28]. The

conventional setup of the GRU architecture is presented in Figure 2.5.

clt1) — N > clt)
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Figure 2.5: Vanilla Gated Recurrent Unit architecture block [28]

The GRU network is made up of two gates, viz., update and reset gate [28]. The gates are
used by the GRU network to retain only the important information over time and remove
the irrelevant information [28]. This allows the model to manage long-term dependency

effectively without requiring any complex memory mechanisms [28].

The forward-pass equations for the GRU model are as follows:

z(t) = o(W,x(t) + U,h(t — 1) + b,), (2.3)
r(t) = o(W,x(t) + U, h(t — 1) + b,), (2.4)
h(t) = tanh(Wyx(t) + U,(r(t). h(t — 1)) + by), (2.5)
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h(t) = (1—2z(®)).h(t — 1) + z(t). h(t) (2.6)

The update gate, z(t) determines the quantity of the previous hidden state that is
retained. The reset gate, r(t) determines the amount of previous data to be forgotten [28].
The candidate hidden state, A (t) includes the new input and resets the previous state. The
new hidden state, h(t) is the combined old state and new states [28]. Furthermore, W,
U,, b, W,., Uy, b, Wy, Uy, and by, are the weight matrices and bias for the respective update

gate, reset gate, and candidate state.

2.5 Long Short-Term Memory

The exploding/ vanishing gradient challenges are overcome with the introduction of the
LSTM architecture, as the network uses a constant error carousel to retain the
information over long-term dependencies [2]. The typical vanilla architecture of the LSTM

model is presented in Figure 2.6.
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Figure 2.6: Vanilla Long Short-Term Memory architecture block [27]

The LSTM network is made up of three gates, viz., the input, output, and forget gates [27].
The gates are used to forget values that are not important or output the value [27]. The

LSTM blocks or passes information based on its significance to the model [27].
The forward-pass equations for the LSTM are:

i(t) = O'(Wixt + Uiht—l + bi)' (27)
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f@) = o(Wex, + Ush,_q + by), (2.8)
o(t) = o(W,x, + Uyhy_q + by,), (2.9)
¢(t) = tanho (W x, + Uchy_q + b,), (2.10)
c(t) = (F(£).co—q) + i(t).€(D), (2.11)
h(t) = a(t). tanh(c(t)) (2.12)

The input gate, i(t) determines the quantity of new information that is written into the
cell state. The forget gate, f (t) determines the quantity of information from the prior state
that is retained. The output gate, (t) determines the influence of the cell state on the
hidden state [27]. The candidate cell state, £(t) incorporates the current input and the
previous hidden states and is used to update the cell state, c(t) by combining it with the
previous cell state. The new hidden state, h(t) is the combined of the output gate, a(t)
with the transformed cell state [27]. Furthermore, W;, U;, by, Wy, Uy, bg, W, U, by, W, U,
and b, are the weight matrices and bias for the respective input gate, forget gate, output

gate, and candidate state [27].

2.6 Long Short-Term Memory VS Gated Recurrent Unit

The summary of the key features of the LSTM and GRU is shown in Table 2.. The link for
how these models supports this research is also depicted in the table, with models

showing benefits to the research.
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Table 2.1: Key difference between Long Short-term Memory (LSTM) and Gated Recurrent Unit
(GRU) and the link to this research [26]

Feature LSTM GRU Link to this research
Controlled The amount of The entire memory  The LSTM's output gate
Memory memory seen by other content is exposed assists by manging the
Exposure network units is to the network. selection of the previous

controlled by the
output gate.

states. This would be
beneficial for complex
crushing circuit patterns.

New Memory

No standalone control

Determines the

GRU simplifies training, as

Computation  for the flow of amount of it directly controls the
information from the information from information flow. This
prior time step. the previous provides benefits when

activation used. dealing with repetitive
time-series data from the
crushing circuit.

Complexity vs  Higher complexity Fewer parameters, = The LSTM captures the

Performance due to the additional faster training, and  subtle long-term
gate, potentially requires less data to dependencies, while the
offering better generalise. GRU is more efficient, as it

performance for
intricate tasks.

reduces computation
demands that is required
from the crushing data.

2.7 Autoregressive Integrated Moving Average

The ARIMA is a statistical method used for time-series analysis [25]. The ARIMA offers

further insight into understanding the cyclical patterns, which can be used to better

understand the equipment during operational cycles or maintenance schedules [25]. The

model is broken up into the following three components:

e AR for Autoregressive: This combines the dependencies between the

parameter and the lagged value

o | for Integrated: This operation ensures the data is stationary by removing

trends and stabilising the mean

e MA for Moving Average: This extracts the relationship between the

observations and the previous step residual error

The ARIMA model is represented by an order of three parameters (p,d, q), where p

represents the autoregression, which refers to past values in the time series, and g refers
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to the moving average, which illustrates the error for the order of g number of terms [29].
The d parameter is used to make the time series stationary. The general ARIMA model

can be expressed as [29]:

14 q
Vex, = Veix, . G.c._:
Xe=C+ ) QiVixe i+ i€t-i
i=1 i=1

Where V¢ is the differencing operator of order d, ¢; and 6; are the model parameters, and

(2.13)

€; is the white noise error term (29).

The parameters must be optimally selected for successful forecasting [29]. The ARIMA
presents the advantage of forecast time-series data that contain linear trends. The model
is also flexible and easy to develop [29]. The limitation of the ARIMA is that it is less

effective for complex non-linear time series [29].

It would be best to combine the ARIMA with the RNN models to have the benefits of
capturing the linear and non-linear trends. This hybrid method would result in improved

accuracy and adaptability of the crushing circuit application [29].

2.8 Transformer Model

The Transformer model is a deep-learning architecture that was introduced in 2017 [30].
The Transformer model requires less training time than RNN models as it processes input
sequences in parallel [31]. These models contain an encoder and decoder to process the
inputand output data, respectively [30]. The model has a self-attention mechanism, which
allows it to focus on certain parts of the data sequence [30]. This would be beneficial for
large datasets with multiple interrelated parameters [31]. The encoder converts the input
into a vector of a fixed length, and the decoder translates it into an output sequence. The

architecture block of the Transformer model is presented in Figure 2.7.
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Figure 2.7: Transformer model architecture block [30]
The encoder on the left-hand side of Figure 2.7 is broken down into the following [30]:

e Multi-Head Attention: This mechanism allows the model to concentrate on
different segments of the inputs in parallel and capture the relationship between
tokens and their distance in the sequence.

e Feed-Forward Neural Network: This component adds non-linearity and allows for
complex feature extraction.

e Add & Norm: These operations are key to stabilising training and ensuring

efficient learning.
The decoder on the right-hand side of Figure 2.7 is broken down into the following [30]:

e Masked Multi-Head Attention: This allows the model to predict sequentially by

masking output sequence future positions.
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e Multi-Head Attention: This uses the input sequence to make accurate predictions.

e Feed-Forward Neural Network: This layer further processes the combined
information from the attention mechanism

e Add & Norm: This layer is like the encoder as it stabilises training and ensure

efficient learning.

The scaled dot-product attention equation is shown below [30]:

Attention(Q,K,V) = softmax((ij))V (214)
k
The scaled dot-product attention equation plays a key distinct role in transforming and
combining the information. The query matrix, Q consists of vectors that look for the
required information, while the key matrix, K consists of vectors that provide an index to
locate or match the information requested by the queries, and the value matrix, V contains
the actual information to be aggregated once a match is established [24]. The dot product,
QKT measures the similarities between the keys and queries. The score is normalised by
dividing by the dimensionality of the key vectors, \/d_ , which ensures numerical stability
[24]. The softmax function then converts the scores into a probability distribution that

determines how the values (V) are weighted in the output.

The Transformer model processes entire sequences in parallel, which would be beneficial
for large-scale projects [30]. However, the model requires high computational costs and
memory usage. These models are also more complex to train compared to RNN models
[32]. In the context of the current study, the model presents the opportunity to build a
high-fidelity DT for the crushing circuit.

2.9 Integration of Digital Twins and Machine Learning

The integration of DTs and ML techniques has proven to be a powerful solution for
improving predictive maintenance, process optimisation, and operational efficiency in
complex industry applications [33]. Several studies demonstrate the effectiveness of
integrating DTs with statistical and ML approaches, highlighting their relevance to this
research [33].
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2.9.1 Hybrid Models: Autoregressive Integrated Moving Average

and Recurrent Neural Network Integration

A hybrid prediction model that combined the ARIMA and RNN approaches was proposed
[34]. The process flow, as illustrated in Figure 2.8, demonstrates how mechanical
equipment data is processed through both models, and the results are averaged to
improve the prediction accuracy for switch machines. The hybrid ARIMA-RNN model
shown in Figure 2.8 is particularly useful in systems like the crushing circuit, where time-
series data contains both linear trends (captured by ARIMA) and complex, non-linear
dependencies (modelled by RNNs). Combining these models enhances accuracy in

predicting equipment behaviour, improving predictive maintenance, and minimising

downtime.
»  Built ARIMA Model
Mechanical o| Average of the +| Combined Model
Equipment Data 7 Models 7 Prediction

Built RNN Model

h 4

Figure 2.8: Combined Autoregressive Integrated Moving Average (ARIMA) and Recurrent Neural
Network (RNN) model process flow [35]

2.9.2 Bidirectional Gated Recurrent Unit

Bidirectional GRU (Bi-GRU) was used to analyse mechanical equipment behaviour for
Shearers [35]. Bi-GRUs are extensions of RNNs that process data in both directions,
capturing historical and future information to enhance predictive accuracy [35]. For the
crushing circuit, where dynamic operational data is constantly updated, Bi-GRUs can
process past and future states simultaneously to provide more accurate predictions. This
dual analysis enhances the reliability of DTs in identifying wear patterns and predicting

failures.
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2.9.3 Long Short-Term Memory for Capturing Long-Term

Dependencies

The LSTM was used for a study on rolling bearing vibration signals to predict their
remaining useful life [36]. The method effectively captured temporal dependencies and
the key degradation patterns from the sensor data, which significantly improved the

model's robustness and forecasting accuracy [36].

LSTMs are particularly effective for the crushing circuit, where data has long-term trends,
such as equipment degradation over time. The ability of LSTMs to retain historical
patterns makes them ideal for predicting failures and modelling non-linear behaviours in

mechanical systems.

2.9.4 Transformer Model for Complex Dependencies

A recent study demonstrated the potential of a Transformer-based model that enhanced
the system-to-system transferability of crystallisation prediction and control tasks [35].
Transformers use a self-attention mechanism to assign different levels of significance
within the input sequence, enabling them to handle complex and long-term dependencies

[30].

In mining systems like the crushing circuit, where datasets are large and multivariate,
Transformers are highly efficient for processing interdependencies across parameters,
such as vibration, temperature, and throughput. Their scalability and ability to model

relationships across the entire sequence make them well-suited for DT applications.

2.10 Relevance to This Research

The integration of DTs and ML techniques, as demonstrated in the examples above,
highlights the potential for improving operational performance. This study builds on

these approaches by:

1. Applying ARIMA to capture linear trends and seasonal behaviours in equipment
performance.

2. Utilising LSTM and GRU models to handle non-linear, sequential data and predict
dynamic behaviour.

3. Exploring the Transformer model for its ability to process large, complex datasets

with multiple interdependent variables.
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By testing and comparing these methods, this research aimed to identify the most robust
ML method for developing a DT for the crushing circuit. The outcomes will provide

actionable insight into the best ML algorithms for the actual crushing data.

2.11Gaps and Opportunities of Digital Twins that Informed the

Current Research

There is a plethora of research on DTs and their application in industry. Table 2.2 provides

a summary of recent research on DTs, the type of ML applied, and their shortcomings.

Table 2.2: Summary of Digital Twin applications and applied machine learning techniques in

industry
Area of Mine Type of Outcome Shortcomings Contributions Areas of Reference
Value Chain Machine Improvement
Learning
Applied/ Study
Focus
Geochemical Deep Learning - Enhanced Limited focuson  Demonstrated Integrating real- [37]
Mapping Autoencoder, identification of real-time the application time data
Convolutional geochemical applications and of deep learning  processing and
Neural network patterns and interpretability to complex improving model
(CNN), anomalies, of deep-learning  geoscientific interpretability
Generative improving models data, aiding for more
Adversarial mineral mineral actionable
Network (GAN), exploration exploration insights
Deep Belief
Network (DBN)
Switch LSTM, ARIMA Improved Limited Developed a Expanding the [34]
Machine predictive applicability predictive model to other
Maintenance maintenance beyond railway maintenance types of
accuracy for systems; model using equipment;
railway switch challenges in Digital Twin enhancing model
machines, adapting model (DT), showing adaptability
enhancing to different increased across different
visualisation equipment accuracy for systems
railway switch
machines
Process Systematic Identified key Broad overview; Organised Conducting case [38]
Industry literature review  enablers and lacks specific fragmented studies and
(General) on enablers and barriers for DT implementation literature on DT  quantitative
barriers implementation, case studies and enablers and assessments to
providing a quantitative data  barriers, validate
framework for offering a framework
adoption foundational applicability in
framework for real settings
industry
adoption
Surface Six-layer DT Comprehensive Limited Developed asix- Implementing Al [39]
Mining architecture for DT framework application of AI-  layer DT and machine
Mining 4.0 enabling real- driven framework for learning for real-
time data optimisations; surface mining, time decision-

30



U Govender

Shearer Key
Parts
Maintenance

Petrochemical
Production
Optimisation

Tailings Dam
Stability
Monitoring

Building
Performance
Simulation

Conveyor Belt
Systems

RNN,
Bidirectional
Gate Recurrent
Unit (bi-GRU)

IoT and Machine
Learning
Framework for
Real-Time
Control

ARIMA, Random
Forest Classifier

Systematic
Review on Al,
ML, DT, Cyber-
Physical System
(CPS), 10T, and
Data Mining

CNN (Support
Machine Vector
SVM), IoT, and
Computer Vision

exchange and
cognitive
decision-making

Achieved
accurate
predictive
maintenance for
shearer key parts
with real-time
state
visualisation

Enabled agile,
real-time
production
control and
adaptability to
changing
conditions in the
petrochemical
sector

Improved early
warning system
for tailings dam
failure through
real-time
monitoring and
prediction

Highlights
conceptual
overlaps,
strengths, and
limitations
across
simulation
technologies

Improved fault
detection,
predictive
maintenance,
and optimisation
for conveyor
belts in mining
and
manufacturing

focuses on
conceptual
architecture
rather than
empirical results

Limited focus on
broader mining
equipment;
heavily reliant on
sensor data
quality

Complexity in
data integration
and real-time
adjustments;
high dependency
on data quality

High dependency
on sensor data
quality; potential
for false positives
due to
environmental
factors

Limited
empirical data on
integration;
overlapping
terms with
existing Business
Process System
(BPS) concepts
create confusion

Dependent on
high-quality
data; challenges
in integrating
diverse Al
models for
unified
monitoring

setting the stage
for Mining 4.0
advancements

Combined high-
fidelity
simulation with
deep learning
for effective
remaining
useful life
prediction,
enhancing
maintenance
accuracy

Introduced a
framework for
production
optimisation
integrating [oT
and machine
learning for
dynamic
production
control

Proposed a DT
and machine
learning
framework for
real-time
monitoring of
tailings dams,
enhancing
safety

Provided an
extensive
literature
review to
outline how BPS
can benefit
from Al, DT, and
other digital
domains

Consolidated Al
techniques to
enhance
conveyor
system
reliability,
safety, and
efficiency

making;
performing field
trials to validate
architecture

Expanding to
other types of
mining
equipment;
refining predictive
accuracy through
advanced data
integration

Enhancing
predictive
capabilities and
refining data
integration
processes for
more robust real-
time control

Incorporating
additional
environmental
and geotechnical
parameters;
refining predictive
accuracy with
deep-learning
models

Need for empirical
work to assess
BPS integration
with Al/DT;
clearer definitions
and boundaries
for simulation
concepts

Improving data
quality and
developing
integrated Al
frameworks for
seamless
predictive
maintenance

(35]

[13]

[40]

[41]

[42]

31



U Govender

Production Naive Bayes, Enables Limited to non- Provides a Adapting the
Systems Decision Trees, efficiency computerised framework for model for real-
Readiness Random Forests, assessment for systems; evaluating time data
and Logistic production dependent on production integration and
Regression systems, archival data efficiency, broader
improving rather than real- aiding decision-  applications

planning and
resource
allocation

time inputs

making in
manufacturing
contexts

across
computerised
systems

[43]

Based on the outcomes presented in Table 2.2, DT applications across industries face
notable limitations, particularly in complex environments. Key challenges include limited
real-time data integration, making rapid decision-making difficult, and issues with
interoperability in large plants requiring seamless data exchange. DT models also struggle
with generalisability, as they are not easily transferable across equipment and
operational settings. Additionally, there is heavy sensor dependency, where data quality
and accuracy can vary, and there is a lack of comparative studies on advanced ML models
for optimal DT performance. The absence of empirical validation further reduces
confidence in DT effectiveness, while the complexity and cost of implementing cognitive

DT solutions hinder widespread adoption.

Despite these challenges, DT technology presents significant opportunities in the mining

sector:

1. Enhanced Predictive Maintenance: Real-time monitoring can identify faults and
prevent failures, minimising production downtime.

2. Process Optimisation: DTs provide data-driven insights to improve production
efficiency and reduce energy consumption.

3. Safety Improvements: DTs enhance safety by simulating hazardous environments

and monitoring equipment integrity.

The success of DTs requires a culture change where people will understand the
maintenance requirements of the physical equipment and systems and actively
collaborate with data scientists and Information Technology professionals to add value to

the business.

This thesis addresses these gaps and opportunities by applying DT technology to the
crushing section of a mining plant. By testing and comparing different ML techniques, the
study identifies the most effective approach for predicting equipment behaviour and

insights, enhancing
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understanding of model effectiveness and demonstrating the practical value of DTs in

complex process plant environments.

2.12 Chapter Summary

This chapter explored the application of ARIMA, RNNs, and Transformer models for
developing a DT, with each method offering distinct strengths and limitations. ARIMA
provides a robust and interpretable foundation for linear time-series forecasting,
effectively capturing trends and cyclical patterns. However, its reliance on linear
assumptions limits its ability to handle the non-linear dynamics inherent in complex

systems like the crushing circuit.

RNNs, including advanced variants such as LSTMs and GRUs, excel at collating temporal
dependencies and patterns in sequential data, making them particularly effective for
modelling non-linear behaviours and predicting equipment performance over time.
However, these models face challenges with long sequences due to issues such as

vanishing gradients and the inefficiencies of sequential data processing.

Transformers overcome many of the limitations of RNNs through their self-attention
mechanism, which supports parallel processing and effectively manages the long-term
dependencies in large, multivariate datasets [30]. Their ability to model complex
relationships and prioritise critical data sequences makes them particularly suited for
systems requiring real-time analysis and scalability. Despite these advantages, the higher

computational cost of Transformers remains a key consideration.

Each of these models contributes unique value to the development of a DT for the crushing
circuit. However, this study evaluated the models based on their accuracy in predicting
equipment behaviour and development time to determine the most suitable ML approach.
This comparative analysis provides a practical solution for the operational efficiency of

the crushing circuit, thereby addressing critical challenges in the mining process plant.
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3 Chapter 3: Methodology

This chapter explores the requirements for developing a DT tailored to the performance
of the mine's crushing circuit to evaluate different ML methods. This study is important
as it offers insights into using different ML algorithms for a conventional zinc mine in
South Africa and responds directly to the research question. The analysis focuses on
identifying the critical parameters that influence the production of the crushing circuit.
These parameters are collected from real-time sensor data and historical datasets and

form the foundation for developing the DT.

To achieve the study's objectives, the different ML models that were defined in Chapter 2
were employed to model the dynamic behaviour of the crushing circuit. The methodology
investigated and compared the effectiveness of the ARIMA, RNNs (including LSTM and
GRU), and the Transformer model in capturing the relationships between operational
parameters and target production output. The selection of these models is driven by their
proven capabilities in time-series forecasting, anomaly detection, and handling

multivariate, sequential data [17].

Key stakeholders were engaged to understand the current plant performance parameters
and maintenance requirements. These stakeholders included the plant manager, the chief
digital officer, and the general manager. These engagements were conducted to ensure
the correct parameters were selected for the crushing circuit DT and that the senior

executives supported the research.
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In addition to the guidance of the key stakeholders, ML was utilised for complex non-

linear mapping of the predefined benchmarked model to the actual live data [35].

- -
2

Figure 3.1: Data-driven workflow for developing and validating a Digital Twin

The workflow in Figure 3.1 outlines the process of developing and validating a DT model
from the data collection stage to the final visualisation. The process begins with Data
Collection, where raw instrument and sensor data is gathered from the physical asset.
This data then undergoes Data Processing, where it is cleaned and prepared for analysis.
Following this, Model Selection and Training take place, where the selected ML model is
chosen and trained on historical data to learn patterns and trends of the asset. Once
trained, the model is used for forecasting the target parameter. The outputs of the model
are then subjected to Model Validation, where predictions are compared against actual
data to assess accuracy and reliability. Finally, the results are presented in the
Visualisation of Results stage, providing a clear and interpretable view of how well the DT

model represents the physical asset's behaviour.

3.1 Mine Site

This section provides the context in which the DT was conceptualised. The selected mine
is located in the Northern Cape, South Africa, and primarily extracts and sells zinc as a
mineral concentrate. The process flow diagram, shown in Figure 3.2, illustrates the
mechanical flow of material through the crushing circuit. The mine has been in operation
for over 10 years, with site photos of the crushing equipment presented in Figures 3.3 to

3.7. The crushing plant is a critical component of the mine's operation, designed to
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process raw material efficiently while ensuring the durability and reliability of the

equipment.

The process begins with a constant feed of material from the mining operations, delivered
to the Run of Mine (ROM) bin trucks. The ROM bin shown in Figure 3.7 is critical in
preventing large rocks from falling directly into the crusher circuit, as oversized ore could
damage the equipment. From the ROM bin, material is fed into the apron feeder shown in
Figure 3.4, which regulates the flow of material into the crusher using a Variable Speed
Drive for precise control. This ensures a steady and optimised feed rate, which is critical

for maintaining the crusher's efficiency and preventing overloading.

Once the material enters the crusher (shown in Figure 3.3), it undergoes size reduction at
a target ratio of 4:1 post-crushing, as specified by the mine design planning. Since the
incoming ore of the mine is expected to measure around 800 mm, the goal is to produce
a 200 mm crushed product. In parallel, smaller particles bypass the crusher entirely and
drop directly into the conveyor (shown in Figure 3.5) via a grizzly screen, which separates
finer material from the bulk feed. The crushed material and bypassed smaller particles
are then transported by the conveyor to the stockpile, where they await further
processing or transport. This system ensures a smooth, controlled, and efficient
workflow, minimising downtime and maximising throughput with the product-crushed
material moved to the milling circuit, which is where the material is crushed to a finer

particle and continues for further processing.
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Figure 3.2: Simplified flow diagram of the zinc mine's crushing circuit
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Crusher Opening

Figure 3.3: On-site crusher and motor with key sensors location labelled

Apron
Feeder
Motor

Apron
Feeder
Opening

Figure 3.4: Site apron feeder and motor with key sensor locations
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Weightometer

Conveyor Motor

Conveyor

Figure 3.5: Site conveyor and motor with key sensor data

Figure 3.6: Particle size distribution (PSD) sensor for production material monitoring
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Figure 3.7: Site Run of Mine (ROM) tip for initial ore unloading

3.2 Research Design

The research design is presented in Figure 3.8. The research design consists of three
sections: Data Collection and Data Processing, Model Training, and Forecasting, which
consists of implementing the different ML algorithms, including the hyperparameter

optimisation, and, lastly, the Performance Evaluation of the different ML methods.
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Data Collection and Processing

1. Collect senor data

2. DataCleaning

3. Normalisation/Standardisation of
data
Create a sequence

5. Split data into test and train

Model Training & Forecasting

GRU Model

Single layer GRU
Bidirectional GRU

LSTM Model Transformer Model
. Single Layer LSTM . Encoder Structure
. Bidirectional LSTM . Attention-based
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ARIMA Model

. Define AR, | and MA Parameters
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A

Performance Evaluation

Error metrics: MAE, RMSE, MAPE, R?

Figure 3.8: Research design, including the model training and forecasting of the Gated Recurrent

Unit (GRU), Long Short-term Memory (LSTM), Transformer and Autoregressive Integrated

Moving Average (ARIMA) models
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3.2.1 Data Collection and Processing

The data collection was achieved by utilising existing instruments to define the behaviour
of the mining equipment on site. The physical instruments and sensor outputs from the

Supervisory Control and Data Acquisition (SCADA) included:

e Power meters - Mechanical equipment energy data

e Weightometer - Weight of the material within the plant

e Thermometers - Temperature of motor bearings

e Speed switches - Used to measure the speed of the conveyor belt

e Dataloggers - Operational hours of the equipment

These sensor outputs are continuously collected and transmitted to the SCADA system,
where the information is collated and displayed at a central point. The historical data for
these instruments and sensors was available from the Historian. The Historian is a
specialised software system used to continuously collect [44], store, and manage the time-
series data for the mine. The data was in a raw format, which constituted the unprocessed
data. The unprocessed data was processed through exploratory data analysis, by
identifying missing values, outliers and anomalies. This process data was utilised for

developing the DT.

3.2.1.1 Collecting Sensor Data

The data was collected for a 12-month period from 01/06/2021 to 31/05/2022 for all
the crushing circuit parameters, as this was when the plant instruments were fully
functional. The data collection period was selected for one year as it captures a complete
annual cycle of operational and maintenance variations, which provides a clear indication
of the crushing circuit's performance under standard conditions. The plant Historian was
able to collect 39 unique datasets for the crushing plant, and the data was in an hourly
format. The data was in a time series and was related to the main mechanical equipment
in the area, viz., the crusher, apron feeder, and conveyor. The total parameter count of 39

datasets is unpacked in Table 3.1.
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Table 3.1: Crushing plant parameters and total counts

Parameters Parameter Description
counts
Energy and Power 10 The datasets contain the electrical current draw

for the crushing mechanical equipment

Crusher Data 11 The specific data relating to crusher, including
the auxiliaries and temperature sensors

Conveyor Data 4 Data for the conveyor, including the speed
sensors and temperature indication

Apron Feeder Data 6 Data for the apron feeder, including speed and
temperature indication

Feed and Production 2 Quality metrics such as particle size distribution
and material quality

Run of Mine (ROM) Bin Level 1 Indication of material within the ROM bin
Indication

Fraction Data 5 Particle size fraction data within the mill
Total 39

The energy parameters contained mechanical equipment auxiliaries such as heaters and
hydraulic units. These datasets were irrelevant to the study, as that equipment was used
to supplement the main mechanical equipment. The fraction data (below 150 um) was
excluded from the study, as this was for another process outside of crushing. The
reference component 3 is a stationary component with no sensor data and no energy
consumption (grizzly screen from Figure 3.2). The remaining parameters were reviewed
with the key stakeholders. The critical parameters investigated are shown in Table 3.2.

The full list of parameters is presented in Appendix A.

Table 3.2: Critical input and output parameters required for crushing circuit Digital Twins

Critical Unit Reference Rational for Selection
Parameter Component from

the Process Flow

Diagram (Figure

3.2)
Apron Feeder % rated 2 The apron feeder controls the material flow
Current current rate into the grizzly screen and crusher.
(A) Monitoring its current ensures that the

feeder operates within its rated capacity,
preventing overloading and ensuring
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steady material flow into the circuit.
Deviations in current can indicate
excessive load or mechanical issues
requiring attention. The actual motor or
equipment current is expressed as a
percentage of its rated full-load current.
This ensures that operating conditions can
be monitored relative to design capacity.

Apron Feeder % RPM 2 Drive speed directly affects the material
Drive Speed feed rate into the grizzly screen. Variations
Indication in speed can cause inconsistent feeding,

impacting downstream processes like
crushing and screening efficiency.
Monitoring this parameter allows for
proper adjustment of feed rates. The drive
or motor speed is expressed as a
percentage of its rated speed, providing a
normalised measure of speed control.

Jaw Crusher % rated 4 The jaw crusher consumes significant
Current current power during material size reduction.
(A) Monitoring the crusher current helps

identify operational efficiency, such as
excessive loads caused by oversized
material. Abnormal current readings can
also indicate mechanical wear or
blockages. The actual motor or equipment
current is expressed as a percentage of its
rated full-load current. This ensures that
operating conditions can be monitored
relative to design capacity.

Stockpile % 6 This parameter measures the weight of
Feeder material transported to the stockpile. It
Conveyor ensures that the material flow matches
Weight Average production  targets and identifies
Indication deviations that may signal feed

inconsistencies or equipment inefficiencies
upstream. The conveyor or feeder weight
signal is expressed as a percentage relative
to the design or calibrated throughput,
indicating how close the system is
operating to target values.

Stockpile Feed % rated 5 Monitoring conveyor current ensures that
Conveyor current the conveyor is not overloaded and
Current (A) operates within its capacity. Overloading

can lead to equipment breakdowns or
inefficiencies, while underloading indicates
material flow problems upstream. The
actual motor or equipment current is
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Percentage
Feed Material
Under 80% of
Target Particle
Size
Distribution
(PSD)

Percentage
Product
Material Under
80% of Target
PSD

% feed
material

%
product
material

expressed as a percentage of its rated full-
load current. This ensures that operating
conditions can be monitored relative to
design capacity.

This parameter monitors the PSD of the
material being fed into the circuit. Material
that does not meet PSD targets may affect
downstream crushing performance and
energy consumption, requiring corrective
measures. It is the proportion of feed
material meeting specification, expressed
as a percentage of total product mass.

This parameter ensures that the product
material meets the desired particle size
specification after crushing and screening.
Achieving consistent PSD is crucial for
maximising throughput and downstream
milling efficiency. It is the proportion of
final product meeting
specification, expressed as a percentage of
total product mass.

material

The key input and output parameters were finalised as part of the development of the DT,

as shown in Figure 3.9. The key output parameter (percentage product material under

80% of target) was selected, as this is the key output of the crusher. This effectively

determines the crushed material size that comes out of the crusher, and it is a proxy to

the plant achieving its production target as per guidance from the board.

Key Input Parameters

¢ Apron Feeder Current

%

[Jaw Crusher
Current%
[IStockpile Feed
Conveyor Current%
[JApron Feeder Drive
Speed Indication
* Stockpile Feeder
Conveyor Weight
Average Indication
* Percentage Feed
material under 80%
of Target PSD

——

N

Key Output Parameters

*GRU
«LSTM * Percentage product
«Transformer material under 80%
« ARIMA of Target PSD
J . y,

Figure 3.9: Key input and output monitoring parameters for Digital Twin development
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3.2.1.2 Data Cleaning

The data cleaning process was required to improve the data quality and help provide a
more accurate representation of the mechanical equipment [10]. It was noted from the
site team that the crushing plant had a 75% availability. Hence, there is a significant
period of time when the target particle size distribution (PSD) was zero, as shown in
Figure 3.10. This was removed from the dataset as only occurrences when the crushing is

active will form the DT.

Frequency Distribution of Percentage Feed Material Under 80% of Target PSD

1200

1000 —

Frequency
]
S

3
s

500 1000 1500 2000
Percentage Feed Material Under 80% of Target PSD

o

Figure 3.10: Percentage feed material under 80% of target particle size distribution (PSD) (pre-
filtered)

The hydraulic pressure is an important indication, as it signals when the crusher is not
functional. This is when the pressure is below 120 Nm2, which would indicate that the
crusher has stopped for maintenance or tripped from a fault occurrence. The parameter
was used to remove any additional data when the crusher was not functional. The jaw
crusher hydraulic indication is shown in Figure 3.11 from 04/01/2022 to 06/01/2022.
The hydraulic pressure dropped below 120 Nm? at least once a day, so this data needed

to be removed.
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Jaw Crusher Hydraulic Pressure Indication (January 2022)

= Jaw Crusher Hydraulic Pressure Indication

120
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01-04 00 01-04 06 01-04 12 01-04 18 01-05 00 01-05 06 01-0512 01-05 18 01-06 00
Time

Figure 3.11: Jaw crusher hydraulic pressure indication for January 2022

3.2.1.3 Evaluation of Key Parameter Correlation

To evaluate the strength of correlations of the data, the correlation coefficient is used,
typically denoted as r in a Pearson correlation matrix [45]. The strength of the correlation
between two variables is measured using the absolute value of r. A perfect correlation,
r =1, indicates the strongest possible relationship between variables. A strong correlation
falls within the range of 0.7 < r < 1, signifying a strong linear relationship [45]. A moderate
correlation, with values between 0.5 < r < 0.7, suggests a noticeable but less pronounced
relationship [45]. A weak correlation occurs within the range of 0.3 < r < 0.5, indicating a
limited linear association. If r < 0.3, the correlation is considered very weak or negligible.
Finally, when r =0, there is an absence of linearity between the variables, meaning

changes in one variable do not predict changes in the other [45].

To refine the analysis, parameters with weak or no correlation were excluded. The
remaining parameters, showing moderate to strong correlations, were retained to

effectively depict the crushing circuit's behaviour and performance.

3.2.1.4 Data Normalisation and Standardisation

In this study, a data preprocessing strategy was implemented to standardise the dataset
before training the model. The process for normalising the data for the ML problem

involves transforming each variable using the formula below [46]:

4
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Where p is the mean, and ¢ is the standard deviation computed on the training data. The
target variable and the input features are scaled separately [46]. This distinction is crucial
because it often represents different physical quantities [46]. Standardising the data
ensures that all features contribute proportionally during training, which prevents
features with higher ranges from skewing the learning process. This step not only
enhances numerical stability but also smooths the loss landscape, facilitating faster

convergence of gradient-based optimisation algorithms [46].

3.2.1.5 Smoothing the Target Parameter

The rolling window mean was utilised for the target parameter, which calculates the
mean for the last observation points [47]. The rolling mean is calculated using the

formula:

xt+xt_1+xt_2+---+xt_(n_1) (3.2)
n

Rolling Mean; =

Where x, is the target parameter at time t, n is the window size, and t is the current time
index. The rolling window reduces the noise and any short-term fluctuations in the

datasets, which will assist in improving the model's predictive performance.

3.2.1.6 Create Sequence

The creation of sequences is a critical step in preparing time-series data for forecasting.
The selected approach was to generate training samples by sliding a fixed-length window
over the data, where each window serves as the input sequence. The subsequent time
steps form the corresponding output sequence. The function iterates over the entire
dataset and, for each position, extracts a sequence of input features of length equal to the
defined sequence length and then assigns the following prediction length time steps as
the target. This method transforms a continuous time series into a set of discrete, fixed-
size samples, allowing the model to comprehend temporal dependencies and trends

within the historical window to predict future values.

This sequence generation process is essential for capturing the inherent structure of the
time-series data and ensures that the deep-learning model can exploit patterns over both

short- and long-term horizons.

3.2.1.7 Splitting Data into Test and Training

In this study, the time-series data were split chronologically to prevent data leakage and
maintain the temporal order crucial for realistic forecasting. Specifically, a cutoff date,

where all observations prior to this date were exclusively utilised as the training set,
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allowing the ML models to capture the inherent temporal dynamics. Data from the cutoff
date onward were reserved strictly for testing, ensuring that model evaluation was
conducted on unseen, future-like scenarios. This approach aligns with established time-

series forecasting practices [48].

To rigorously evaluate the forecasting model while maintaining temporal integrity, the
time series splits cross-validation approach from scikit-learn, setting the number of splits
to five [49]. This method sequentially divides the dataset into training and validation sets,
with each fold expanding the training set forward in time, thereby respecting the
chronological order of observations. Each fold uses historical data for training and
immediate future data for validation, closely simulating real-world forecasting scenarios
[49]. This setup provided a robust validation strategy, ensuring the evaluation captured

realistic model performance without data leakage [49].

3.2.2 Model Training and Forecasting

This section details the process of training the GRU, LSTM, ARIMA, and Transformer
models. The training phase involves optimising the model's parameters by hyper-tunning
it, while carefully managing issues in time-series forecasting, such as vanishing gradient
[27]. The aim is to ensure stable convergence and effective learning of the temporal

dependencies inherent in the data [27].

3.2.2.1 Gated Recurrent Unit Model

The GRU uses the time series data (xq,xy,....,Xr), representing the input over T
timesteps. The input sequences consist of batched time-series data with a fixed look-back
window (sequence length) and multiple features (input size), which are processed by
stacked GRU layers that generate hidden states for the entire sequence [28]. From these,
the hidden state corresponding to the last time step is selected to capture the learned
temporal representation and then passed through a Rectified Linear Unit activation for
enhanced non-linearity. This activated output is fed into a fully connected layer that maps
it to the required prediction dimension (product of the prediction and length output size),
and the resulting vector is reshaped into a tensor with the shape (batch size, prediction
length, output size). The final output constitutes the multi-step forecast for the specified
prediction horizon. The flowchart of the GRU modelling is shown in Figure 3.12 [28]. In
the bidirectional configuration, the GRU processes the sequence in both directions, and

the resulting hidden states are concatenated to form a richer representation [28].
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Input Sequence

GRU Layers

Output from Last Time Step

Rectified Linear Unit Activation

Fully Connected Layer

Reshape

Figure 3.12: Flow chart of the Gated Recurrent Unit (GRU) modelling process for the crushing

circuit
3.2.2.2 Long Short-Term Memory Model

The LSTM model processes input sequences of shape (batch size, sequence length, input
size) that represent the time series data (xq, x5, ...., xr). First, the model initialises the
hidden state h, and cell state ¢, as zero tensors of shape (number of layers, batch size,
hidden size) [27]. These states, along with the input, are fed into a multi-layer LSTM that
captures the temporal dependencies across the sequence. From the output produced at
each time step by the LSTM, the output corresponding to the final time step is selected as
it encodes the complete temporal representation of the input [27]. This output is then
passed through a Rectified Linear Unit activation to introduce non-linearity, enhancing
the model's capacity to comprehend complex trends. Subsequently, a fully connected
layer transforms the activated hidden state into the target output dimension prediction,
which is the product of the prediction length and output size. Finally, the resulting vector
is reshaped into a tensor of shape (batch size, prediction length, output size) that
represents the multi-step forecast for each sequence in the batch. The flowchart of the
LSTM modelling is shown in Figure 3.13 [27]. In the bidirectional configuration, the LSTM
processes the sequence in both directions, and the outputs are concatenated at each time

step from both directions to form a more comprehensive temporal representation [27].
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Input Sequence

Initialise Hidden & Cell States

LSTM Layers

Fully Connected Layer Output from Last Time
Step

Reshape Rectified Linear Unit Activation

Fully Connected Layer

Reshape Output

Multi-step Forecast

Figure 3.13: Flow chart of the Long Short-Term Memory Model (LSTM) modelling process for the

crushing circuit

3.2.2.3 Transformer Model

The Transformer model for time-series forecasting begins by projecting the input
sequences of shape [batch size, sequence length, input dimension] into a higher-
dimensional space using a linear embedding layer [30]. Learnable positional encodings
are then added to these embeddings to capture the temporal order of the data [30]. The
enriched sequence is fed into a Transformer encoder composed of multiple layers, where
each layer uses multi-head self-attention and feed-forward networks to capture global
dependencies and refine the sequence representation [30]. From the encoder's output,
the representation corresponding to the last time step is extracted and passed through a
dense layer that maps the hidden representation to the required prediction length [30].
Finally, the output is reshaped into a tensor with dimensions (batch size, prediction
length, output dimension), resulting in multi-step forecasts for the target feature. The

flowchart of the Transformer modelling is shown in Figure 3.14 [30].
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Fully Connected Layer

Reshape Output

Multi-step Forecast

Figure 3.14: Flow chart of the Transformer modelling process for the crushing circuit

3.2.2.4 Autoregressive Integrated Moving Average Model

The parameters (p, d, q) for the ARIMA model involve several key steps. First is to check
that the data was stationary using the Augmented Dickey-Fuller test [47]. The next step
is the Autocorrelation Function and Partial Autocorrelation Function visuals, which are
used to guide initial estimates for the AR and MA order. Ultimately, the best model is the

one that minimises Akaike Information Criterion.

The pmdarima's auto ARIMA function automates the selection of optimal ARIMA
parameters by systematically exploring various combinations of (p,d, q) and choosing
the model that minimises information criteria such as the Akaike Information Criterion
[47]. This process yields an ARIMA model that effectively captures the linear dynamics of

the target series.

3.2.2.5 Autoregressive Integrated Moving Average and Recurrent Neural Network

Hybrid Model

The ARIMA model is fit on the flattened training target series. This model generates
forecasts over the test horizon, and its outputs are inverse-transformed to return to the
original scale. In parallel, a GRU model is trained on the scaled sequences and produces

its own forecasts, which are also inverse-transformed [34]. To create the hybrid forecast,
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the predictions from the ARIMA model and the GRU model are combined using a weighted
average. This hybrid approach uses the linear trend capturing ability of ARIMA along with
the non-linear, deep-learning capabilities of the GRU to potentially improve overall
accuracy of the predictions. The flowchart of the ARIMA modelling is shown in Figure 3.15
[34].

Fit ARIMA Model

Generate ARIMA Forecast

Inverse Transform ARIMA Outputs

Train RNN on Scale Data

Generate RNN Forecast

Inverse Transform RNN Outputs

Weighted Combination

Hybrid Forecast Output

Figure 3.15: Flow chart of the Autoregressive Integrated Moving Average (ARIMA) and Recurrent

Neural Network (RNN) modelling process for the crushing circuit

3.2.2.6 Model Optimisation

The optimal hyperparameters for the LSTM, GRU, ARIMA, and Transformer models were
tuned using the open-source hyperparameter framework Optuna [50]. Hyperparameters
such as the hidden size, number of layers, dropout, learning rate, muti-head attention, and
batch size were evaluated to identify the hyperparameters with the largest impact on the
coefficient of determination (R?) score using the Bayesian Optimisation approach [50].

The optimisation problem is solved using the formula below:

0" =arg max M) (3.3)

Where 0 is the chosen set of hyperparameters, H is the search space and M (0) is the
objective function, which returns the performance metric. The function M'(6) can be

expressed below for this study:
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M(e) = R? (ytrue,j\’inv) (3-4)

Where y;e is the actual observed values from the dataset, and J;,, is the model
predictions to determine R2. To achieve the best hyperparameters(6*), the following

search space (H') was chosen, as shown in Table 3.3.

Table 3.3: The hyperparameters selected, with the indicated notation and the respective search

Space

Hyperparameter Variable Search Space for Model Optimisation
Notation

Hidden Size a a € {256,512,1024}

Number of Layers B B €{1,2,3}

Dropout Rate y y € [0.1,0.5]

Learning Rate 5 § €[1074,107%]

Batch Size o o € {32,64,128}

Prediction Length (Hours) 0] @ € {96,144,192,240}

Attention Heads W w € {16,32, 64}

The models were trained for 500 epochs using the Huber loss function with gradient
clipping to stabilise the training, while the Adam Optimiser was employed to update
model parameters, as it uses adaptive moment estimation to efficiently handle sparse
gradients and noisy data [50]. Optuna iteratively runs the objective function for a
specified number of trials, each time testing different hyperparameter combinations, and
then selects the configuration that yields the best performance as measured by the R?

score.

3.3 Performance Evaluation

The verification process involved ensuring that the DT accurately modelled the physical
asset. This was done by comparing the actual model's parameters to those predicted by
the DT model and assessing whether the trend in the physical model matched the
predicted trend. The validation stage ensured that the DT served its intended purpose to

accurately predict and reflect the behaviour of the physical asset [17].
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The predicted output of the DT was tested against the actual data using the coefficient of
determination (R%) and root mean square error (RMSE) to measure the accuracy of the
model [51]. Lower RMSE values indicate a higher accuracy and better performance for
the specific model. A higher R? indicates that the model is predicting accurately using the
Pearson relationship stated in Section 3.2.1.3. The mean absolute error (MAE) is used to
evaluate the absolute difference between the DT's predictions and the actual observed
data [51]. A lower MAE indicates that the DT is accurately modelling the actual asset with
a smaller error [51]. The accuracy of the DT is measured using the mean absolute

percentage error (MAPE) [52]. Alower MAPE indicates a better prediction accuracy [52].

R? =1 _ 2=~ yi)? (3.5)
1 (i — ¥)?
1 —n (3.6)
RMSE= |- (yi-9)?

n i=1

1" . 3.7

MAE= " |y~ G7)
n i=1

(3.8)

1 n . — 1
MAPE = —Z |u|x100
N laj=1 Yi

Using the R2, MAE, MAPE, and RMSE gave significant insight into the accuracy of the DT.
These four evaluation criteria were sufficient to determine the best ML model for the

crushing circuit DT.

The accuracy of the DT is a critical factor in determining its reliability and usefulness for
operational decision-making. An example of a study in the South African context was
completed for compressed air for a Gold mine [53]. The study utilised a mathematical
regression-based model and achieved an R? of 0.646 [53]. The simulation identified
pressure shortfalls before they occurred, and the implemented solution increased the
compressed air pressure by 32%, directly preventing production losses [53]. This

indicates that a moderately strong correlation can improve mining production.

3.4 Chapter Summary

This chapter outlined the structured approach used to develop a DT for the crushing
circuit of a South African mine. The methodology was designed to ensure that relevant
operational data was collected, processed, and used to train various ML models, including

LSTM, GRU, ARIMA Hybrid, and Transformer models. The data preprocessing phase
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ensured that inconsistencies and anomalies were addressed, enabling accurate model

training and evaluation.

To determine the most effective model for DT implementation, multiple performance
metrics were used, including Rz, RMSE, and MAE, allowing for a comparative analysis of
each model's predictive capabilities. Additionally, hyperparameter optimisation was

conducted to enhance model efficiency and accuracy.

With the methodology now established, the next chapter presents and discusses the
results obtained from the model evaluations. The findings highlight the comparative
performance of the selected models and their effectiveness in replicating and predicting

the behaviour of the crushing circuit.

56



U Govender

4 Chapter 4: Results and Discussion

The results and discussion are presented in this chapter, from the comprehensive
evaluation of ML algorithms to support the study. Each model was evaluated using Google
Co-lab software due to the high computational demand. The A100 with 40 GB GPU RAM
and 83.5 GB System RAM was used for the complex models such as the Transformer
model. The remaining models were simulated using the L4 with 22.5 GPU RAM and 53
GBL. The sample code hyperlink is shown in Appendix B.

The performance evaluation of the selected ML models (LSTM, GRU, Transformer, and
ARIMA) used to develop the DT for the crushing circuit is presented. The models were

developed to forecast the percentage product material under 80% of the target PSD.

Evaluation metrics, including RMSE, MAE, and R?, are utilised to quantify the reliability
and accuracy of the models. The analysis focuses on identifying the best-performing
model for dynamic system prediction while exploring each model's strengths and
limitations. Key findings are contextualised to highlight their practical implications for

predictive maintenance and operational optimisation in the mining environment.

4.1 Exploratory Data Analysis for Crushing Parameters

To visualise the relationships between the selected variables and their influence on one
another, the correlation map approach was used. To identify the parameters with strong
to moderate correlation, those correlations that were greater than 0.5 were selected for

the study, as shown in Figure 4.1.

1 GPU: Graphics Processing Unit; GB: Gigabytes; RAM: Random Access Memory

57



U Govender

Correlation Heatmap for Key Crushing Circuit Parameters
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Figure 4.1: Crushing circuit parameter correlation heatmap

The correlation heatmap in Figure 4.1 indicates varying strengths of relationships among
the selected parameters. The apron feeder current, apron feeder drive speed, and the
stockpile feed conveyor weight indication show a strong positive correlation with values
ranging between 0.7 and 0.91 with the target parameter, as seen in the heatmap. The jaw
crusher current and stockpile feed conveyor current have a moderate correlation with
the target parameter, ranging from 0.56 to 0.62. These achieved correlations reflect a
direct relationship among these parameters, implying that changes in one parameter

significantly influence the others.

Conversely, the percentage feed material under 80% of the target PSD is weakly
correlated with the target parameter, with scores close to zero. This is due to the
inconsistent feed provided by mining; hence, there is no fixed feed that is fed into the

plant. Therefore, this parameter was excluded from the study.

4.2 Hyperparameter Optimisation

To achieve optimal performance for the LSTM, GRU, ARIMA, and Transformer models,
hyperparameter optimisation was conducted using Optuna, an advanced optimisation

framework tool, as described in Section 3.2.2.6.
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The optimisation results for the GRU, LSTM, ARIMA, and Transformer models highlight
the efficiency of hyperparameter tuning in enhancing predictive accuracy for DT
applications. The optimal hyperparameters for the LSTM, GRU, ARIMA, and Transformer

models are presented in Table 4.1.

Table 4.1: Hyperparameter for the Gated Recurrent Unit (GRU), Long Short-Term Memory
(LSTM), Autoregressive Integrated Moving Average (ARIMA), and Transformer models for the

crushing circuit

Model 6 0] B a Y o w
GRU 1.5e+ 192 2 1024 0.2 64 N/A
LSTM 3e3 192 1 1024 0.47 64 N/A
ARIMA N/A 5 N/A N/A N/A N/A N/A

Transformer Qe 192 1 1024 0.16 64 64

The sequence length of 20 days (480 hours) and prediction length (¢) of eight days (192
hours) yielded the highest R2 for all the models, except for the ARIMA. This optimal point
aligns well with the model dynamics to learn and predict the target effectively. The ARIMA
model forecasts over a shorter period, i.e., five hours, due to its limitation for long-term
nonlinear patterns [29]. The LSTM model had a significantly higher dropout rate (Y)
compared to the Transformer and GRU models, due to the more internal gates of the LSTM

[27].

4.3 Gated Recurrent Unit Model Performance

The target parameter results using the GRU model are shown in Figures 4.2 and 4.3. The

results were based on the hyperparameters specified in Section 4.1.
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Figure 4.2: The graphs show the predicted vs actual data folds for the percentage product
material under 80% particle size distribution (PSD) using the Gated Recurrent Unit (GRU) model
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Table 4.2: The coefficient of determination (R?), root mean square error (RMSE), mean absolute

error (MAE), and the mean absolute percentage error (MAPE) crushing circuit scores of the

Gated Recurrent Unit predictions average fold for the percentage material under 80% particle

size distribution

Target Parameter Average Average Average Average
R? RMSE MAE MAPE
(%)
Percentage material <80% particle size 0.54 6.39 5.16 2.73

distribution

Across the five folds for the GRU model, there is a general, consistent trend of alignment

between the actual and predicted data, with the target parameter effectively tracked. The

evaluation metrics presented in Table 4.2 revealed that the model moderately tracks the

target, with some of the folds showing better performance. The overall results from the

folds indicate that the GRU captures the dominant alignment with the target parameter.
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Figure 4.3: The graphs show the predicted vs actual data for the percentage product material

under 80% particle size distribution (PSD) using the Gated Recurrent Unit (GRU) model
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Table 4.3: The coefficient of determination (R?), root mean square error (RMSE), mean absolute
error (MAE), and the mean absolute percentage error (MAPE) crushing circuit scores for the

Gated Recurrent Unit predictions of the percentage material under 80% particle size distribution

Target Parameter Rz RMSE MAE MAPE

(%)

Percentage material <80% particle size 0.61 4.48 3.5 1.8
distribution

The GRU model achieved an R? of 0.61, as shown in Table 4.3, indicating a moderate
correlation between the predicted and actual target parameters. This is complemented
by an RMSE of 4.48 and an MAE of 3.5. These metrics indicate acceptable results, as the
range of the target is between 150 to 200 mm. The MAPE is 1.8%, which is lower than the
recommended threshold of 20% for a robust DT [52]. The visual inspection of the results

confirms that the model tracks the trend but occasionally lags or overshoots during rapid

change.
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Figure 4.4: The graphs show the predicted vs actual data for the percentage product material

under 80% particle size distribution (PSD) using the bidirectional Gated Recurrent Unit model

The results from the bi-GRU predictions are shown in Figure 4.4. The R2 is 0.50, which is
far lower than the standard GRU, shown in Figure 4.3.
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4.4 Long Short-Term Memory Model Performance

The target parameter results using the LSTM model are shown in Figures 4.5 and 4.6. The

results were based on the hyperparameters specified in Section 4.1.
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Figure 4.5: The graphs show the predicted vs actual data folds for the percentage product

material under 80% particle size distribution (PSD) using the Long Short-Term Memory model
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Table 4.4: The coefficient of determination (R?), root mean square error (RMSE), mean absolute
error (MAE), and the mean absolute percentage error (MAPE) crushing circuit scores for the
Long Short-Term Memory predictions average fold of the percentage material under 80%

particle size distribution

Target Parameter Average Average Average Average
R? RMSE MAE MAPE
(%)
Percentage material <80% particle size 0.49 11.70 9.43 4.89
distribution

Across the five folds for the LSTM model, there is a general consistent trend of alignment
between the actual and predicted data, with the target parameter effectively tracked. The
evaluation metrics shown in Table 4.4 revealed that the model moderately tracks the
target. However, the first and second fold shows a much weaker correlation, as these folds
have the greatest range for the target parameter. The overall results from the folds

indicate that the LSTM captures the dominant alignment with the target parameter.

LSTM Predictions vs True for Percentage product material under 80% of target PSD
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Figure 4.6: The graphs show the predicted vs actual data for the percentage product material

under 80% particle size distribution (PSD) using the Long Short-Term Memory model
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Table 4.5: The coefficient of determination (R?), root mean square error (RMSE), mean absolute
error (MAE), and the mean absolute percentage error (MAPE) for the Long Short-Term Memory

predictions of the percentage material under 80% particle size distribution

Target Parameter R? RMSE MAE MAPE
(%)
Percentage material <80% particle 0.55 4.83 3.84 1.98

size distribution

The LSTM model achieved an R? of 0.55, as per Table 4.5, which revealed a moderate

correlation between the predicted and actual target parameters. This is complemented

by an RMSE of 4.83 and an MAE of 3.84. These metrics indicate acceptable results, as the

range of the target is between 150 to 200 mm. The MAPE is 1.98%, which is lower than

the recommended threshold of 20% for a robust DT [52]. The visual inspection of the

results confirms that the model tracks the trend but occasionally lags or overshoots

during rapid change.
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Figure 4.7: The graphs show the predicted vs actual data for the percentage product material

under 80% particle size distribution (PSD) using the bidirectional Long Short-Term Memory

model

The results from the bidirectional LSTM predictions are shown in Figure 4.7. The R? is

0.48, which is far lower than the standard LSTM shown in Figure 4.6.
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4.5 The Autoregressive Integrated Moving Average Model

The results from the Augmented Dickey-Fuller test indicate that the ARIMA model is

stationary; therefore, the d component would be 0. The Autocorrelation Function in

Figure 4.8 displays significant autocorrelation for lags up to six and then tapers off. This

pattern indicates that the g component of order six is needed to capture the dependence

structure in the residua. The Partial Autocorrelation Function in Figure 4.9 shows a

distinct cutoff after the first lag; this implies that only the first lag has a significant partial

autocorrelation. This would suggest that a p greater than one would be acceptable. Using

the pmdarima's auto_arima function confirmed that the ARIMA components would be

(1,0,6).
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Figure 4.8: The graph shows the Autocorrelation Function (ACF) from the Autoregressive

Integrated Moving Average predictions
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Figure 4.9: The graph shows the Partial Autocorrelation Function (PACF) from the

Autoregressive Integrated Moving Average predictions
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The predictions of the ARIMA are shown in Figure 4.10. The results show that the ARIMA
predictions follow the overall trend. The ARIMA metrics are shown in Table 4.6. The R2 of
0.52 indicates a moderate correlation, with RMSE (4.66) and MAE (3.62) scores relatively

similar, which would indicate no major outliers skewing the model. The MAPE score of

1.87% indicates that the model is predicting accurately.

Table 4.6: The coefficient of determination (R2), root mean square error (RMSE), mean absolute
error (MAE), and the mean absolute percentage error (MAPE) for the autoregressive integrated

moving average (ARIMA) predictions for the percentage material under 80% particle size

distribution
Target Parameter ARIMA ARIMA ARIMA ARIMA
R? RMSE  MAE  MAPE (%)
Percentage material <80% particle size 0.52 4.66 3.62 1.87
distribution
ARIMA Forecast vs Actual
1Y
5 2057 ' } \ |II
a \ et RN vV 4 | A\
g Lol il RIS LWk L ’
= - 1 1 ) 1
. NInE FTR S ANVE R TN T
D\S 1 ‘L,JNI : ! | % '5 H : IlI . {i 1 .
8 195 - H : £ I : . 1 1 h g
g ! A ) N n nl By
E ! | Wil - /i ; S
T 190 4 o= I A WY N WA
3 1 - 1 ] 4 [l
= 1 1 1 I \:
£ A - !
285 : ’,’
g K 1
) v
£ 180
2
I
g
iy p— Actual
--- ARIMA Forecast
® > o > e o 2 ®
Iv g’ﬁ v ¥ 9'15 ¥ 9'15 9'1'
'P’Q 'P’Q w“ww w“ww w“ww w“ww m“ww 'P"D'
Time

Figure 4.10: The plots of the actual vs prediction for the percentage product material under 80%
of target particle size distribution (PSD) using the Autoregressive Integrated Moving Average

model
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4.6 The Autoregressive Integrated Moving Average and

Recurrent Neural Network Hybrid Integration

The ARIMA was paired with both the LSTM and GRU models to determine if the

combination would yield better R? results. The weighting between the GRU model and

ARIMA, and the respective R? is shown in Table 4.7.

Table 4.7: The model weighting for the Gate Recurrent Unit (GRU) and Autoregressive Integrated

Moving Average (ARIMA) vs the coefficient of determination (R2)

Model Weighting R?
GRU 90%/ARIM 10% 0.56
GRU 80%/ARIM 20% 0.55
GRU 70%/ARIM 30% 0.58
GRU 60%/ARIM 40% 0.49
GRU 50%/ARIM 50% 0.42

4.6.1 Hybrid Model Autoregressive Integrated Moving Average

and Gated Recurrent Unit

The target parameter results using the GRU and ARIMA models are shown in Figures 4.11.

The results were based on the hyperparameters specified in Section 4.1 and the ARIMA

components in Section 4.5.
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Hybrid Predictions vs True for Percentage product material under 80% of target PSD
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Figure 4.11: The graphs show the predicted vs actual data for the percentage product material
under 80% particle size distribution (PSD) using the Gated Recurrent Unit (GRU) +
Autoregressive Integrated Moving Average (ARIMA) model

Table 4.8: The coefficient of determination (R?), root mean square error (RMSE), mean absolute
error (MAE), and the mean absolute percentage error (MAPE) for the Gated Recurrent Unit +
Autoregressive Integrated Moving Average model predictions for the percentage material under

80% particle size distribution

Target Parameter R? RMSE MAE MAPE
(%)
Percentage material <80% 0.53 6.21 5.45 4.95

particle size distribution

The hybrid GRU and ARIMA model achieved an R2 of 0.53, as shown in Table 4.8, which
reveals a moderate correlation between the predicted and actual target parameters. This
is complemented by an RMSE of 6.21 and an MAE of 5.45. These metrics indicate
acceptable results, as the range of the target is between 150 to 200 mm. The MAPE is
4.95%, which is lower than the recommended threshold of 20% for a robust DT [52]. The

visual inspection of the results confirms that the model tracks the trend but occasionally

lags or overshoots during rapid change.
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4.6.2 Hybrid Model Autoregressive Integrated Moving Average

and Long Short-Term Memory

The target parameter results using the LSTM and ARIMA models are presented in Figure

4.12. The results were based on the hyperparameters specified in Section 4.1 and the
ARIMA components in Section 4.5.
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Figure 4.12: The graph shows the predicted vs actual data for the percentage product material
under 80% particle size distribution (PSD) using the Long Short-Term Memory (LSTM) +
Autoregressive Integrated Moving Average (ARIMA) model

Table 4.9: The coefficient of determination (R?), root mean square error (RMSE), mean absolute
error (MAE), and the mean absolute percentage error (MAPE) for the Long Short-Term Memory
+ Autoregressive Integrated Moving Average predictions for the percentage material under 80%

particle size distribution

Target Parameter R2 RMSE MAE MAPE (%)
Percentage material <80% particle size 0.52 6.58 5.82 6.78
distribution

The hybrid LSTM and ARIMA model achieved an R? of 0.52, as shown in Table 4.9, which
indicates a moderate correlation between the predicted and actual target parameters.
This is complemented by an RMSE of 6.58 and an MAE of 5.82. These metrics indicate

acceptable results, as the range of the target is between 150 to 200 mm. The MAPE is
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6.78%, which is lower than the recommended threshold of 20% for a robust DT [52]. The
visual inspection of the results confirms that the model tracks the trend but occasionally

lags or overshoots during rapid change.

4.6.3 Transformer Model Performance

The target parameter results using the Transformer model are shown in Figures 4.13 and

4.14. The results were based on the hyperparameters specified in Section 4.1.
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Figure 4.13: The graphs show the folds for the predicted vs actual data for the percentage

product material under 80% particle size distribution (PSD) using the Transformer model
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Table 4.10: The coefficient of determination (R2), root mean square error (RMSE), mean absolute
error (MAE), and the mean absolute percentage error (MAPE) crushing circuit scores for the
Transformer predictions average fold of the percentage material under 80% particle size

distribution

Target Parameter Average Average Average Average

R2 RMSE MAE MAPE
(%)
Percentage material <80% particle size 0.36 12.17 9.77 5.08

distribution

Across the five folds for the Transformer model, there is a general, consistent trend of
alignment between the actual and predicted data, with the target parameter effectively
tracked. The evaluation metrics presented in Table 4.10 revealed that the model
moderately tracks the target, with some of the folds showing better performance. The

overall results from the folds indicate that the Transformer model captures the dominant
alignment with the target parameter.

Transformer Predictions vs True for Percentage product material under 80% of target PSD
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Figure 4.14: The graph shows the predicted vs actual data for the percentage product material

under 80% particle size distribution (PSD) using the Transformer model
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Table 4.11: The coefficient of determination (R2), root mean square error (RMSE), mean absolute
error (MAE), and the mean absolute percentage error (MAPE) for the Transformer model

predictions of the percentage material under 80% particle size distribution

Target Parameter R? RMSE MAE MAPE
(%)
Percentage material <80% particle size 0.33 5.92 4.53 2.34
distribution

The Transformer model achieved an R? of 0.33, as shown in Table 4.11, which indicates a
moderate to weak correlation between the predicted and actual target parameters. This
is complemented by an RMSE of 592 and an MAE of 4.53. These metrics indicate
acceptable results, as the range of target is between 150 to 200 mm. The MAPE is 2.34%,
which is lower than the recommended threshold of 20% for a robust DT [52]. The visual
inspection of the results confirms that the model tracks the trend but regularly lags or

overshoots from the true values.

4.7 Chapter Summary

The results of this study provide a comprehensive evaluation of the LSTM, GRU, and
Transformer models, both as standalone and hybrid architectures, in predicting the
percentage product material under 80% PSD. Notably, the GRU model emerged as the
best-performing approach, as it also required the least computational power and
completed the simulations the quickest of all the models. The Transformer model
performed the worst, as it demonstrated robust capabilities in capturing long-term
trends; however, the R? is still less than the GRU. The Transformer model generally
requires more data, so perhaps two to three years of data might be better suited for this
model. The LSTM was also effective in modelling long-term dependencies; however, it
could not match the overall performance of the GRU. The bidirectional LSTM and GRU

models did not perform as well as the single-layered models.

The ARIMA on its own could not accurately model the target. This is due to the non-
linearity of the target variable since the ARIMA only looked at the target variable. The
testing of a hybrid approach of the ARIMA and RNN was completed. The results did not
show signs of improvement, so the standalone RNN was still better. Overall, these findings

suggest that, for predictive modelling in mining operations, the GRU is the most promising
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approach, followed by the LSTM and then the hybrid models, with the Transformer model

performing the worst.
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5 Chapter 5: Conclusion

This chapter synthesises the key findings of the study, evaluates their contributions to the
research objectives, and highlights the significance of the results in addressing the
challenges outlined in the problem statement. By reflecting on the research journey, this
chapter provides a comprehensive and forward-looking perspective on the implications

and potential of this work.

The value add of this study is that it addresses the gaps of having a structured data
collection process and the limited application of DT technologies in South African mines.
To overcome these challenges, this research developed and evaluated a DT framework
using ML methods, targeting predictive maintenance and process optimisation in the

crushing circuit of a South African mine.

5.1 Addressing the Research Questions and Objectives

The research question (Section 1.5) was: What is the best ML approach to build a DT for
the crushing circuit as part of the process plant at the mine? This question was answered
by developing DT models using different ML techniques and evaluating which is the most
accurate model. This model was found to be the GRU model based on Table 5.1. The
moderate accuracy of the models is evident for the GRU, LSTM, and ARIMA, with R?
ranging between 0.5 to 0.7. The Transformer model had a weak R?, due to the data being
limited to a year. The MAPE remained consistently below 20% for all the models, which
would indicate acceptable forecasting performance [52]. Based on the range of the
datasets and the highly dynamic nature of the crusher circuit, the low MAE and
moderately high R? confirm the robustness and practical value of the GRU model in the

mining industry.

Table 5.1: The summary of the model's performance for the percentage material <80% particle
size distribution, showcasing the coefficient of determination (R2), root mean square error

(RMSE), mean absolute error (MAE), and the mean absolute percentage error (MAPE)

Models R? RMSE MAE MAPE (%)
GRU 0.61 4.48 3.5 1.8
LSTM 0.55 4.83 3.84 1.98
ARIMA 0.52 4.66 3.62 1.87
Transformer 0.33 5.92 4.53 2.34
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The objectives were addressed by collecting time-series data, developing the DT models,
and evaluating the models based on the prediction accuracy. The findings revealed that
GRU networks outperformed other models, including the LSTM and Transformer models,
in predicting key equipment behaviours. The GRU excelled in handling complex temporal
patterns within the multivariate time-series dataset. The hybrid integration of ARIMA
with the RNN model (LSTM or GRU) did show significant improvement, as the hybrid
models did not perform as well as the GRU. The GRU was also the least CPU-intensive
compared to the LSTM and Transformer models. This rationale also supports the goal of
balancing performance with operational practicality, ensuring that the DT
implementation is both effective and deployable within the constraints of a mining

environment.

5.2 Implication of the Findings

The research demonstrates the feasibility of using ML to develop a DT for the crushing
circuit, providing a structured framework for collecting, preprocessing, and analysing
multivariate time-series data. The research addresses the gap in DT applications in South

African mining by offering actionable insights for the crushing circuit.

5.3 Limitations of the Study

Despite its achievements, the study is not without limitations. The research focused solely
on the crushing circuit, limiting the generalisability of the findings to other mining
subsystems. Furthermore, the analysis was limited to one year of operational data,
restricting the ability to capture long-term trends or external influences. Future research
should explore the extension of DT applications to other stages of the mining value chain,
incorporate larger datasets spanning multiple years, and experiment with additional

hybrid ML models to further enhance predictive performance.

5.4 Recommendations

Based on the outcomes of this research, the recommendation is to adopt the GRU model
into a real-time mining application. The model can be used as part of the mine's digital
infrastructure to obtain real-time data for efficient decision making. In addition, plant
personal should be upskilled in DT technology to support the successful deployment and

maintenance of the DT system.

76



U Govender

5.5 Chapter Summary

This study underscores the transformative potential of DT technology in the mining
sector, particularly for optimising the crushing circuit, a critical component of the process
plant. By integrating advanced ML techniques with real-time and historical data, the
research provides a pathway for utilising the best ML methods for a crushing circuit DT.
These contributions not only advance the field of digital transformation in mining but also
offer practical solutions for enhancing the sustainability and competitiveness of South

African mines in the global market.

5.6 Future Work

While this study successfully developed and evaluated a DT for the crushing circuit of a
South African mine, significant opportunities exist for extending its scope and deepening
its impact. Future research should focus on the practical implementation of the DT and
ML models for predictive maintenance and energy optimisation across the mining

process.

Future work should also focus on further hyperparameter tuning, particularly refining
learning rates and architectural depth and exploring hybrid approaches that integrate

Transformer components with LSTM or GRU to leverage their respective strengths.
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Appendix A

Apron Feeder Current %

Apron Feeder Drive Speed Indication

Apron Feeder Hydraulic Pack Air oil Cooler Current %
Apron Feeder Hydraulic Pack Aux Motor Current %
Apron Feeder Hydraulic Pack Heater Current %
Apron Feeder Hydraulic Pack Motor Current %

Apron feeder Hydraulic power pack level Indication

Apron feeder Hydraulic power pack Oil Temperature

Indication

Apron feeder Hydraulic power pack Pressure Indication
Apron Feeder Lube Pump Current %

Apron Feeder Operating Hours

Apron Feeder Speed Feedback

Jaw Crusher Current %

Jaw Crusher Hydraulic Pack Current %

Jaw Crusher Hydraulic Pack Heater Current %

Jaw Crusher Hydraulic power pack Oil Temperature

Indication

Jaw Crusher Hydraulic Pressure Indication

Jaw Crusher Motor DE Bearing Temperature Indication
Jaw Crusher Motor NDE Bearing Temperature Indication
Jaw Crusher Motor U1 Winding Temperature Indication
Jaw Crusher Motor U2 Winding Temperature Indication

Jaw Crusher Motor V1 Winding Temperature Indication
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Jaw Crusher Motor V2 Winding Temperature Indication
Jaw Crusher Motor W1 Winding Temperature Indication
Jaw Crusher Motor W2 Winding Temperature Indication
Jaw Crusher Operating Hours

Rom Bin level Indication

Stockpile Feed Conveyor Current %

Stockpile Feed Conveyor Operating Hours

Stockpile Feed Conveyor Speed Feedback

Stockpile Feed conveyor Speed Indication

Stockpile Feed Conveyor Weight Average Indication
Percentage feed material under 80% of target PSD
Percentage product material under 80% of target PSD
Fraction at 106 um

Fraction at 150 um

Fraction at 25 um

Fraction at 75 um

Fraction at 90 um
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Appendix B

The project sample codes are shown in the link below via Github:

https://github.com/Uni0201/1110925 Examination.git
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