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Abstract: Geometallurgical programmes are crucial for designing mineral processing
plants that maximise comminution throughput. However, the variability of complex ore
bodies, such as platinum group element (PGE) deposits, poses challenges in developing
these programmes into profitable mine-to-mill production. This paper investigates the
geological characteristics of different lithologies hosting the complex PGE orebody located
in the Northern Limb of the Bushveld igneous complex in South Africa and assessed
their impact on metallurgical efficiency in comminution circuits. Regression machine
learning techniques were employed to analyse the ore mineralogical dataset from two
lithologies (feldspathic pyroxenite and pegmatoidal feldspathic pyroxenite) and predict
the Bond Work Index (BWI), a key comminution parameter for calculating processing plant
throughput. The results indicated that BWI is strongly influenced by Chlorite, silicates, iron
oxides, and the relative density of the PGE deposit. Using both simulated and laboratory-
measured throughput values, a particle swarm optimisation (PSO) algorithm was applied
to maximise the plant’s comminution throughput through tactical blending of low-grade
and high-grade ore stockpiles. The PSO algorithm was shown to be an effective tool for
stockpile management and tactical mine-to-mill operation in response to feed mineralogical
variability. This first-time innovative approach addresses complex geological uncertainties
and lays the groundwork for future geometallurgical studies. Potential areas for further
research include incorporating additional lithologies for tactical ore stockpile blending and
optimising parameters critical for ore mineral flotation.

Keywords: bond work index; geometallurgy; machine learning; mine-to-mill; mineral
processing; operational tactics; particle swam optimisation; platinum group element;
stockpile management

1. Introduction

The global surge in metal demand, driven by rapid infrastructure advancement and
the transition to renewable energy source, has placed unprecedented pressure on the
mining industry. This escalating demand, coupled with declining mineral grades and
increasingly complex polymetallic orebody compositions, presents significant challenges
for mineral processing operations [1,2]. The mining sector must now grapple with the
task of efficiently extracting and processing low-grade and complex mineral ores while
addressing environmental concerns and corporate social responsibility issues [3,4].

Geometallurgy has emerged as a crucial approach in addressing these challenges,
providing a framework for integrating geological variability with metallurgical perfor-
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mance [5,6]. By incorporating geometallurgical studies, mining operations can better assess
the impact of ore variability on both comminution and flotation processes, leading to more
efficient and sustainable mineral processing [5,6].

Comminution, a fundamental step in mineral processing, is particularly susceptible to
the effects of geological uncertainties and fluctuations in feed composition [7]. The Bond
Work Index (BWI), a key parameter in comminution, plays a vital role in determining
processing plant throughput and energy consumption and mill design. The BWI is used
to estimate the energy required for comminution, or the grinding of ore into smaller
particles. It is a measure of ore hardness and is essential for designing grinding systems
and optimising energy consumption in mineral processing plants. However, the inherent
variability of complex ore bodies, such as platinum group element (PGE) deposits, poses
significant challenges in optimising comminution circuits and maintaining consistent
performance [8].

To address these challenges, this paper focuses on the dynamic optimisation of com-
minution circuits under geological uncertainties, with a particular emphasis on a complex
PGE orebody located in the Northern Limb of the Bushveld igneous complex in South
Africa. A multi-faceted approach that integrates a regression machine learning (ML)
technique and particle swarm optimisation (PSO) is employed to enhance ore blending
stockpiles required for mine-to-mill operational tactics. Our research aims to:

1. Identify the key geometallurgical attributes that influence comminution performance
in complex PGE ore deposits.

2. Develop predictive model for comminution performance based on ore variability.

3. Implement a dynamic optimisation algorithm for tactical blending of low-grade and
high-grade ore stockpiles.

The remainder of this paper is structured as follows: Section 2 provides a brief back-
ground on the characteristics of the PGE ore deposit and previous studies on how ML and
PSO can improve comminution performance. Section 3 provides the framework employed
to predict the comminution performance and optimise the operational tactics of blending
ore stockpiles. Section 4 presents the results of the machine learning predictive model
and PSO strategy. Section 5 discusses the model sensitivity to changes in ore variabilities,
along with their influences on mode of plant operation. Finally, Section 6 concludes with a
summary and recommendations.

2. Theoretical Background

To accurately predict the comminution performance of the complex PGE Platreef ore
deposit, it is important to first understand the geological behaviour of this orebody. This
section provides a concise background information on complex orebodies, comminution,
including the BWI and relative density, operational challenges, previous ML and PSO
studies in the context of PGE Platreef ore deposit.

2.1. Complex Orebodies and the PGM Platreef Ore Deposit

Complex orebodies, characterised by their intricate mineralogy and variable compo-
sition, pose unique challenges in mineral processing. The Platreef deposit, located in the
northern limb of the Bushveld Igneous Complex in South Africa, is a prime example of such
complexity. Kinnaird et al. [9] describe the Platreef as a series of pyroxenites and norites
with significant platinum group element (PGE) mineralization, often associated with base
metal sulphides. The deposit’s heterogeneity is further complicated by the presence of
various rock types, including hornfels and calc-silicates, which contribute to its geological
complexity [10,11].
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Hutchinson and Kinnaird [12] highlight the variability in PGE grade distribution
within the Platreef, noting significant lateral and vertical changes over short distances. This
variability extends to the mineralogical composition, with Holwell and McDonald [13]
identifying a diverse array of platinum group minerals (PGMs) and base metal sulphides,
each with distinct processing requirements.

2.2. Comminution and Bond Work Index

In mineral processing, the grinding process reduces particles to their liberation size to
effectively separate valuable minerals from gangue minerals. The BWI, a key parameter in
comminution, plays a vital role in determining processing plant throughput and energy
consumption [7,14]. For complex orebodies like the Platreef deposit, accurately determining
the BWI is crucial yet challenging due to the ore’s heterogeneous nature.

Mwanga et al. (2015) conducted a comprehensive study on various comminution
tests, including the Bond Ball Mill test, and their applicability to different ore types [15,16].
They found that for complex ores, traditional comminution tests may not always accurately
predict plant performance due to the influence of mineralogical variations.

In case of PGE ores, Little et al. [17] investigated the relationship between BWI and
relative density for Platreef samples. Their study revealed significant correlations between
these parameters and highlighted the importance of considering both in comminution
circuit design. Furthermore, Little et al. [17] demonstrated how variations in relative density
within the Platreef ore can lead to inconsistent grindability characteristics, affecting overall
comminution efficiency.

2.3. Plant Configurations and Operational Challenges

The complexity of PGE Platreef ore deposits necessitates carefully designed comminu-
tion circuits to accommodate ore variability. Bryson discusses various plant configurations
for processing PGE ores, emphasising the need for flexibility in circuit design to handle feed
variations [18]. However, as noted by Rule and Schouwstra [14] the diverse mineralogy
of Platreef ores can lead to suboptimal performance in standard comminution circuits,
necessitating adaptive operational strategies.

The challenges posed by complex orebodies extend beyond initial plant design. Napier-
Munn [19] highlights how variations in feed characteristics can negatively impact opera-
tional strategies, leading to fluctuations in throughput and recovery [19]. For the Platreef
deposit, Schouwstra et al. [20] demonstrated how changes in mineralogical composition
across the orebody can necessitate frequent adjustments to grinding and classification
circuits, potentially reducing overall plant efficiency.

2.4. Machine Learning (ML) in Comminution Performance Prediction

Recent advancements in ML techniques have enabled more accurate predictions of
comminution performance based on complex datasets. Notable work in this field includes
the regression ML models developed by Compan et al. [21] for the Chuquicamata plant, and
Lusambo and Mulenga [22] for the Kansanshi process plant, both treating copper sulphide
ores through milling and flotation processes. McCoy and Auret [23] applied various
machine learning algorithms, including Random Forests and neural networks, to predict
SAG mill performance using multivariate ore characterisation data. Their results showed
significant improvements in prediction accuracy compared to traditional empirical models.

Research suggests that the integration of ML in comminution performance prediction
offers numerous advantages such as enhancing predictive accuracy, optimising energy
consumption, process optimisation and control in mineral processing [24,25]. By leveraging
advanced algorithms, ML can model complex relationships between operational parameters
and output variables, leading to improved decision-making and process optimisation. Ac-
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cording to Moraga et al. [24], ML techniques, such as neural networks, have demonstrated
exceptional predictive capabilities, achieving R? values greater than 0.99 in various scenar-
ios. Similarly, the application of ML in predicting power consumption in semi-autogenous
mills has shown substantial capacity to explain variability, with models like Random Forest
achieving R? values of 0.94, aiding in energy efficiency improvements [26,27].

In a case study by Both and Dimitrakopoulos [28], the incorporation of specific vari-
ables like power draw and particle size significantly reduced prediction errors, demon-
strating the superiority of ML over traditional linear models. Moreover, proactive process
control, enabled by ML, reduces reliance on laboratory testing, streamlining operations
and enhancing productivity [25]. Zou et al. [29] demonstrates that a hierarchical intelligent
control method using ML can increase process throughput by 6.05% and reduced power
consumption by 7.25% in a mining operation.

A study by Nghipulile et al. [30] utilised ML techniques to predict the BWI of copper
ores based on mineralogical and textural features. Their study demonstrated the potential
of these advanced analytical methods in capturing the relationships between ore character-
istics and comminution behaviour. However, for PGE ores, no studies have been explored,
which prompted this investigation.

2.5. Optimisation in Stockpile Operational Tactics

Stockpile operational tactics are crucial to the integrated management of the day-to-
day feed ore variability, which affects the throughput of the comminution and beneficiation
circuits [31,32]. With the operation, the parameters of the comminution circuit can be
altered in conjunction with the incoming feed and the separation process downstream [33].
A stockpile operational tactic subject to geological variability is a nonlinear, multi-objective
programming problem. Such a problem is usually modelled under the assumption that the
production process is steady, and the model parameters are deterministic. However, varia-
tions in orebody mineralogy led to frequent changes in model parameters and constraints.
This results in a drive for optimisation functionality development [34].

Optimisation schemes applied to mineral processing simulations, such as multi-
objective optimisation and multi-disciplinary optimisation, have identified non-intuitive
solutions for comminution and other processing operations, demonstrating the potential
for improving efficiency and output. Other schemes, including the fuzzy mining algorithms
have been proposed for controlling and predicting optimum milling conditions, addressing
the nonlinearities and extensive delays characteristic of mineral processes [35]. Despite
these measures, there is still an opportunity to integrate the other intelligent optimisation
functions to relate the influence of mineralogy to comminution performance. Among these,
the particle swarm optimisation (PSO) algorithm can play a critical role.

PSO, originally proposed by Kennedy and Eberhart [36], has been successfully utilised
to tackle diverse challenges, including scheduling issues in open mines [37], subjective
classification problems related to carrying capacity grades [38], the optimisation of mine
water reuse [39], and mineral exploration endeavours [40,41].

PSO is designed to balance exploration (searching through the global space) and
exploitation (refining the search in promising areas) [42]. The algorithm typically converges
to a solution by iteratively updating the positions of particles in the search space, reducing
the time required to reach optimal solutions [43]. In a study by Su et al. [42], the PSO was
used to generate noiseless gravity responses, which suggests its capability in handling
clean datasets effectively. The PSO is a robust optimisation technique that can be integrated
with neural networks to improve their performance in handling complex, nonlinear prob-
lems [44]. This integration is particularly beneficial in comminution, where predicting
performance involves dealing with complex variables and datasets.
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Therefore, the PSO is a well-established algorithm used in various geophysical inverse
problems [44]. It is commonly applied due to its simplicity and effectiveness in many
optimisation tasks. However, in mineral processing, the capability of a PSO algorithm to
maximise material ore throughput in response to feed mineralogical variability has not
been explored.

3. Materials and Methods

The overall framework of this study is shown in Figure 1, which outlines that the
progress commenced with the regression ML model for predicting the BWI, and the simula-
tion of the throughput. The PSO-based mode of operation optimizer was used to maximise
the comminution throughput from the blended ore stockpiles. The authors originally
collected the data for the development the geometallurgical programme for the Akanani
deposit. The geometallurgical programme aimed to comprehend the orebody’s variability
and identify the geological properties influencing metallurgical performance. The samples
were collected from various locations within the orebody to capture its variability. A core
drilling sampling technique was used for this project. The samples were prepared by
crushing, grinding, and splitting to obtain a representative sub-sample for subsequent
test work.

Bulk modal mineralogy *

Mineral ore proportions *

Mineral gangue Association *

Relative density **

v

ML Model
Predicted Simulated Measured
(Multivariate  —) —
BWI Throughput Throughput
Regression)
i Maximize comminution
Mode of Operation
th hput f th
Optimizer roughpu rom ¢
blended tockpil
(PSO algorithm) ended ore stockpiles
operation

Figure 1. The methodological framework for the study. The single asterisks represent inputs
from the mineralogical dataset, while the double asterisks denote inputs from the mineralogical
metallurgical dataset.

3.1. Geometallurgical Data Inputs

Two datasets were used as inputs for the downstream steps to identify specific min-
eralogical and metallurgical characteristics that affect the efficiency and effectiveness of
operational tactics in comminution processes. The first dataset, marked with the single
asterisk symbol, includes mineralogical attributes, including bulk mineralogy, mineral
proportion, and mineral gangue association. The second dataset, marked with the dou-
ble asterisk symbol, includes the metallurgical attributes, including BWI, Pgj, Fgp, and
relative density.
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3.1.1. Mineralogical Dataset

A drilling programme was undertaken to extract drillhole cores from the Platreef PGM
deposit located in the northern limb of the Bushveld igneous complex in South Africa. The
Platreef deposit ores consisted of a wide range of lithology types with varying amounts
of PGM, base metal sulphides (BMSs), and a notable amount of silica, which poses chal-
lenges in the separation process from valuable minerals. Two specific ore categories were
chosen for examination in this investigation. Ore I (FPX), characterised by high-grade PGM
content, and Ore II (P-FPX), which exhibits lower PGM concentrations. Analysis of the
mineralisation ratio of PGM between Ore I and Ore II indicated an expected future blend
averaging 25% (Ore I) and 75% (Ore II). Table 1 contains detailed data on the overall miner-
alogical composition, the distribution of BMS varieties, BMS correlations, and comminution
outcomes for both high-grade particles (FPX) and low-grade particles (P-FPX), covering
more than 203 factors known to impact the efficiency significantly. The characteristics of
the P-FPX and FPX specimens, derive from two distinct lithological categories. Thus, eight
geometallurgical units were identified, with the samples extracted from eight disparate
boreholes and an average thickness of 11 m per lithological category.

Table 1. Characteristics of the two lithological categories: P-FPX and FPX.

. From To Difference Rock Type
Lithology  Rock Types Bore Hole # (Metres) (Metres) Interval (Metres) Description
FPX1 ZF101 1.212 1.219 7
FPX FPX2 ZF110 1.104 1.118 14 Feldspathic
FPX3 ZF110 1.138 1.146 8 pyroxenite
FPX4 ZF113 1.097 1.106 9
P-FPX1 ZF002 1.071 1.085 14 Peematoidal
P-EPX P-FPX2 ZF002 1.085 1.091 6 fe% Jspathic
) P-FPX3 ZF005 1.042 1.052 10 rosenite
P-FPX4 ZF006 1.042 1.062 20 Py

Mineralogical tests were conducted for specimens from P-FPX and FPX to identify the
characteristics of PGM and BMSs, achieved by grinding all specimens to 80% passing 75 pm.
The derived data were fundamental to evaluate the processing tendencies of different rock
categories. Regarding the overall mineral composition, Quantitative Evaluation of Minerals
by Scanning Electron Microscopy (QEMSCAN) was used to perform an analysis of bulk
mineralogy and characterisation of BMSs. The samples were screened into three size
classes (+53, +20, and —20 pm) post-grinding. A thorough examination of PGM was then
performed through a bright phase/specific mineral exploration to completely delineate
the PGM in each specimen. Principal components were quantified using inductively
coupled plasma-optical emission spectroscopy (ICP-OES) following the dissolution of
the sample [45]. The PGEs were evaluated via a fire assay. The identified PGMs were
further classified based on dimensions, release, affiliation, and comparative abundance.
In the context of PGM characterisation, 20 refined segments of the ground sample were
prepared for each rock category and PGM, utilising QEMSCAN, with the reporting of a
mineral contingent upon a statistically significant amount of grains being discovered for
that mineral. The utilisation of the QEMSCAN involved the following steps:

e  Sample preparation: the sample surface was polished to a smooth finish to ensure
good electron imaging and accurate X-ray analysis, followed by coating with a thin
conductive layer to prevent charging under the electron beam during analysis.

e Instrument setup: measurement parameters were defined, and energy thresholds
were set.
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e  Data acquisition: automatic scanning, mineral identification and mapping were used.

e Data processing and analysis: quantitative analysis of the mineral composition, in-
cluding modal mineralogy (percentage of different minerals), particle and grain size
distribution, mineral associations, liberation characteristics, and textural information,
was performed.

All mineralogy information is presented in Tables A1-A6 (Appendix A). The table
provides a comprehensive overview of the bulk mineralogy composition, BMS mineral pro-
portion, and mineral gangue association for both the P-FPX and FPX lithologies, including
their respective rock types. The explanation for these results can be found in Section 4.1.

3.1.2. Metallurgical Dataset

A comminution metallurgical test (based on Bond Ball Mill standard test) was carried
in the laboratory comminution tests to assess the grindability. This test was based on
relative density, and BWI, and involved the grinding of approximately 1286 kilogrammes
of drill core samples representing various geometallurgical units. Comminution testing
was performed using samples that accurately portrayed the domain point samples of the
different geometallurgical units or rock types originating from individual drill core samples.
Subsequently, point sample blend composites were created that combined geometallurgical
units from individual drill core samples with domain composites that blended various
geometallurgical units from different drill core samples. The laboratory comminution
results for FPX and PFPX results are displayed in Table 2 and are discussed in Section 4.1.

Table 2. Comminution results of FPX and PFPX.

Lithologies Rock Types Relative Density BWI Grind Size Achieved
(g/cm) (KWh/t) (P80)

FPX1 3.19 19.4 89
Feldspathic FPX2 3.13 18.4 95
pyroxenite FPX3 3.17 21.3 78
FPX4 3.18 235 77
Peematoidal P-FPX1 3.21 23.36 77
fe‘% spathic P-FPX2 3.32 25.14 87
rosenite P-FPX3 2.83 2233 74
124 P-FPX4 2.89 23.15 78

3.2. Machine Learning Model

A multivariate regression ML model was implemented to simulate a throughput model
based on established mineralogical variables’ geometallurgical data inputs. In mathematical
terms, the general structure for a multivariate regression model can be expressed using
an equation, as shown in Equation (1). This equation serves as a fundamental framework
to understand and predict the throughput BWI based on the mineralogical variables
considered in the model.

yz’:[30+[31>zz\1+ﬁzf1\z+...ﬁn}f; (1)

where y; is the predictor variable (BWI) to be modelled, §; is a set of constant parameters,
and Xj, are explanatory variables (geometallurgical data) for j, from 0 to n.

Each explanatory variable within the dataset underwent a process of normalisation
to enhance the clarity and ease of interpreting the constant parameters, as depicted in the
mathematical representation provided in Equation (2). This normalisation was crucial
to ensure that all the variables are on a standardised scale, facilitating a more effective
comparison and analysis of their respective impacts on the overall model. Normalising
the variables minimised potential biases or discrepancies in the data, allowing for a more
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accurate and reliable assessment of the relationships between the explanatory variables
and the outcome variable.
X, === (2)

where X, is the variable’s average along the dataset.

A higher constant value of f; means that the variable X; is of higher significance.
The data were evaluated using Root Mean Squared Error (RMSE) and the coefficient of
determination R?.

Prior to the ML model, PCA was performed to reduce the dimensions of the ore
characteristics and pinpoint the mineralogical components crucial for consideration in the
multivariate regression analysis. The engineered features encompass the bulk mineralogical
composition, BMS proportions, BMS association, and the comminution outcomes of FPX
and FPX derived from a pool of over 203 variables relevant to the comminution process.
Through the PCA, the quantity of input parameters is condensed to a manageable extent,
facilitating the development of a flexible and valuable model for the Platreef comminution
facility. Plotting PC1 against PC2 generates a bivariate representation to encapsulate the
primary variance within the dataset, offering a more comprehensive overview than a
plot involving any pair of original variables. The underlying concept is that the loss of
information is deemed negligible in the context of this analysis. Numerous interrelated
numerical metrics are transformed into a set of unrelated yet comprehensive indicators
through the dimensionality reduction facilitated by PCA. This methodology simplifies the
data structures and mitigates the influence of data noise, enhancing the robustness of the
analytical outcomes.

The work index, BWI, for ore feed is a crucial parameter for the development of models
that represent comminution performance based on the characteristics and mineralogical
composition of the ore. This work index quantifies the specific energy, measured in kilowatt
hours per ton (kWh/t), needed to reduce a particulate material from an infinite size down to
100 micrometres [7]. Therefore, a higher value of the work index indicates ores that require
more energy. According to the definition provided by the Bond Work Index, the specific
energy demanded by a particular grinding operation correlate directly with the work index
through a mathematical relationship captured in Equation (3). This equation elucidates
the intricate connection between the energy requirements of a grinding process and the
inherent grindability characteristics of the ore material being processed. Consequently,
understanding and accurately determining the work index is fundamental for optimising
grinding operations and achieving desired comminution outcomes in various mineral
processing scenarios.

BWI = 10.Wi. { 3)

1 1
VP Vs J
where BWI is the specific energy consumption (kWh/t), Pgy and Fgy are the 80% passing
75 um of the product (P) and feed (F).

Subsequently, the predicted BWI was inputted into Equation (4) to determine the feed
rate r (plant throughput), which was denoted as “simulated throughput”. Furthermore,
the metallurgical dataset was employed to calculate the throughput, which is referred to as
“measured throughput” in this context.

P

"= BwI

(4)

where P = Power Drawn (1000 kW) and BWI = Bond Work Index.



Processes 2025, 13, 443

9 of 27

3.3. Optimisation of Operational Tactics

Optimisation of operational tactics shown in Table 3 are based on research con-ducted
by Navarra et al. [33,46] and subsequent contributions by Ordenes et al. [47]. The oper-
ational tactics involves the use of alternating modes of operation, which offer a holistic
response to variations in feed mineralogy and other operational parameters within the
comminution plant. The investigation considers the analysis of two distinct types of ores,
namely, Ore 1 and Ore 2, which are blended and processed under the operational Mode
A and Mode B. The mineralisation ratio of PGM, determined by the PGM mineralogical
compositions, indicates that the deposit will yield an average blend of 75% for Ore 2 and
25% for Ore 1 in the foreseeable future. Consequently, a continuous application of mode
A is anticipated to lead to an accumulation of excess Ore 1 and a deficiency of Ore 2 over
time. This situation could impede the mine pro-duction scheduling process and eventually
result in feed imbalances, thus reducing the efficiency of mining equipment utilisation and
causing a significant decline in down-stream performance metrics.

Considering the above context, the mining operation must use a higher percentage of
ore 1, exceeding 35%, to mitigate the risk of a shortage while enhancing overall throughput
capacity. The decision to transition to mode B hinges on the underlying assumption that an
achievable throughput rate, measured in tons per hour (TPH), and the optimised parame-
ters W1B and W2B will effectively operate during planned shutdowns or in the event of an
upgrade in the stockpiling machinery. The potential change to a contingency plan depends
on the existing volume of stockpile reserves. For example, opting for Contingency A would
be preferable if the quantity of Ore 1 mate-rial falls below 35% in Mode A. Conversely, in
Mode B, a shift to Contingency B would be warranted if the proportion of Ore 2 material
dips below 25%. However, this scenario is improbable in cases where a substantial quan-
tity of Ore 1 is blended with Ore 2 in Mode A. The strategic and operational approaches
presented in Table 3 were de-rived from research conducted by Navarra et al. [33].

Table 3. Operational Tactics.

Parameters Deposits Mode A Mode B
Regular Contingency  Regular Contingency
HG FPX (Ore 1) in feed (%) wW1D W1A W1ACont wW1B W1BCont
LG P-FPX (Ore 2) in feed (%) wop wWoA WaACont woB W2BCont
Throughput (t/h) Max rp ra T'ACont B 'BCont
where

e  wjp and wyp are the deposit weight fractions of Ore 1 and Ore 2;

e 1 and rp are the feed rates of Mode A and B;

o Wi, Woa, wip and wyp are the blended feed weight fractions of ores 1 and 2 in Mode
A and B, respectively;

®  7ACont and rpcont are the blended feed rate for the Mode A and B Contingencies;

®  WiACont, W2ACont, W1BCont and wWypcont are the weight fractions of Ore 1 and Ore 2 fed
into the Mode A and B Contingencies, respectively.

The average throughput in Equation (5) describes an operational policy that would
always use the Mode A configuration, experience chronic Ore 2 shortages, and be forced to
switch between the regular Mode A and its Contingency.

W1AWIB—WrAWIB )

[(oas (22) o] [ (e () ~n) o] |
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In terms of Equation (5) and the operational tactics outlined in Table 3, the significant
input parameters for determining the throughput and trigger point in the alternating mode
of operation between Mode A and B are the feed rates r4, and rp the blended feed weight-
fractions wia, Woa, W1g, and wog, the blended feed rate rpcont and rgeont Mode A and B
Contingency, the weight fractions w1 acont, W2ACont, W1BCont and WapCont of Ore 1 and Ore 2.

Parameters such as the deposit weight fractions w;p and w;p of Ore 1 and Ore 2
are all physical properties of the PGM mineralisation ratio based on PGM mineralogical
proportions. Although the model should consider parameters relating to the operating
conditions of milling, they were omitted. This is because the parameters in Equation (5) are
monitored as part of the stockpile management and blending strategies.

4. Results

This section aims to present the results of the methods described in Section 3. First,
the laboratory result of mineralogical complexities in the lithologies hosting the PGM
Platreef ore deposit are presented. Second, the regression ML model is used to evaluate
the influence of these mineralogical attributes on the comminution performance, based on
BWI. We observed that different ore variability drives the predicted BWI used to simulate
the throughput. Third, the study will showcase five different throughput production
campaigns improved by PSO-based mode of operation tactics.

4.1. Key Geometallurgical Attributes Influencing Comminution Performance
4.1.1. Mineralogical Attributes

Table 4 presents the mineralogical characteristics of two lithologies of six distinct
production campaigns planned for future production activities. The mineral characteristics
exhibited varying degrees of mineral content in the different lithologies, with Chlorite rang-
ing between 1.14% and 8.51%, iron oxide fluctuating from 0.39% and 4.44%, and silicates
ranging from 2.59% to 12.38%. This variability indicates a significant range of differences
and a relatively small relative density (RD) between 2.83% and 3.32%. Despite these vari-
ations, BWI remains consistent throughout the campaigns, with the PSO falling within
the 74 to 95 um range. These laboratory findings serve as crucial input for the algorithm
designed to forecast the most effective operational strategies for production processes.

Table 4. Mineralogical composition of two lithologies of 6 distinct production campaigns.

BWI

Mineralogy Attributes (%) Pgp (um)
Campaigns Lithology 8y (kwt/h) s
Chlorite IronOxides Silicates * RD

1 PFPX—Ore 1 in feed 4.62 2.28 2.59 3.21 23.36 77
FPX—Ore 2 in feed 2.13 0.5 12.38 3.19 19.4 89

) PFPX—Ore 1 in feed 7.62 3.4 4.25 3.32 25.14 87
FPX—Ore 2 in feed 1.14 0.5 8.13 3.13 18.4 95
PFPX—Ore 1 in feed 8.78 4.44 3.38 2.83 22.33 74

3 FPX—Ore 2 in feed 1.14 0.39 7.52 3.17 21.3 78
4 PFPX—Ore 1 in feed 9.51 1.78 3.32 2.89 23.15 78
FPX—Ore 2 in feed 4.99 0.39 7.92 3.18 23.5 77

5 PFPX—Ore 1 in feed 6.7 3.36 2.96 3.05 23.3 77
FPX—Ore 2 in feed 3.6 0.45 8.03 3.18 21.5 83

6 PFPX—Ore 1 in feed 8.2 2.84 3.35 3.05 23.3 78
FPX—Ore 2 in feed 2.13 0.5 12.38 3.19 19.4 89

Note: * Silicates are primarily talc and amphiboles.
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A series of tables in Appendix A detail the bulk mineralogy of the samples. Table A1l
illustrates the comprehensive bulk mineralogical composition of FPX (mass%) in various
rock types (FPX1, FPX2, FPX3, FPX4). The results showed that three minerals, orthopyrox-
ene, feldspar, and clinopyroxene, are dominant in the four rock types. They cumulatively
make up 91.63% (FPX1), 80.89% (FPX2), 85.51% (FPX3) and 77.62% (FPX4) of the minerals.
The dominant mineral in all types of rock is orthopyroxene, albeit in varying proportions.
However, feldspar exhibited considerable composition diversity in different rock types.
Orthopyroxene emerged as an essential mineral present in all rock types, highlighting its
importance in the mineralogical composition of FPX. Therefore, FPX primarily comprised
pyroxene with varying levels of feldspar (11.74-37.96%), and other silicates, in minor
proportions, of olivine, serpentine, Chlorite, chromite, Fe-Oxides, carbonates, carbonates
and clay.

Table A2 presents the percentage bulk mineralogical mass composition of P-FPX for
various rock types (P-FPX1, P-FPX2, P-FPX3, P-FPX4). Within this table, one can observe the
distribution of different minerals in each rock type, highlighting the variations in mineral
composition seen among the different P-FPX samples. The dominant mineral in the P-FPX
samples is pyroxene, with moderate variation, accompanied by fewer amounts of feldspar
and serpentine. Variable quantities of olivine are also present. Other predominantly
ampbhibole silicates are also found in different proportions across the samples.

Table A3 illustrates the proportions of BMSs of various minerals within four different
rock types (FPX1, FPX2, FPX3, FPX4). The results showed that the dominant minerals
across the rock types are pyrrhotite, pentlandite, and chalcopyrite, with a cumulative
mineral content of 99.23% (FPX1), 98.94% (FPX2), 98,55% (FPX3) and 98.54% (FPX4). The
distribution of minerals demonstrated notable variations among the different types of rock.
Pentlandite achieved its highest representation in FPX2 (25.37%) and its lowest in FPX3
(18.23%). However, pyrrhotite emerged as the predominant mineral present in all rock
types. Pyrite, in contrast, is non-existent in FPX1 and FPX2, yet registered its presence in
FPX3 (0.12%) and FPX4 (1.19%).

Table A4 illustrates the proportions of various minerals in different rock types, de-
noting the percentages of mass of each mineral in the respective rock types. The results
showed three dominant BMSs, pyrrhotite, pentlandite and chalcopyrite, in rock types,
with a cumulative mineral content of 99.56% (P-FPX1), 98.14% (P-FPX2), 99.82% (P-FPX3)
and 99.53% (P-FPX4). Pyrrhotite is a predominant mineral in all types of rock, although
with different proportions. Pentlandite proportions exhibited some variability among rock
types, suggesting fluctuations in occurrence. However, the proportions of the chalcopyrite
exhibited stability across the diverse rock types, demonstrating its uniform distribution.
Pyrite proportions were low, with slight variations indicating a consistent but minor pres-
ence. Other sulphides showed a minimal presence in the rock types, implying their limited
contribution to the mineral composition.

Table A5 illustrates that the free surface constitutes the bulk mineral in the FPX rock
type, with proportions above 85%, showing constant variation. The results showed that
BMSs are free from other minerals, with the balance associated mainly with silicates. The
association of BMSs with silicates was higher in FPX1. The highest percentage of free
surface minerals was found in FPX3 (91.04%), whereas the lowest proportion was observed
in FPX1 (56.3%). Regarding silicates, FPX1 showed the highest percentage (12.35%), while
FPX3 displayed the lowest (7.52%). Chlorite shows variability with the peak percentage in
FPX4 (2.27%) and the nadir in FPX1 (0.35%). The tabulated results indicated that FPX3 has
the highest overall mineral content compared to the other rock types under consideration.
The distribution of minerals exhibited substantial variations in the diverse rock categories,
thereby highlighting the geological heterogeneity within the BMS association.
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Table A6 shows the results of the BMS association in the P-FPX for different types
of rock. The results showed that the BMS in the P-FPX sample is free of other minerals,
with the balance associated mainly with Chlorite and silicates. Silicates had varying BMS
associations in different rock types, with the highest percentage in P-FPX3. Chlorite showed
significant variability in the percentages of association between rock types. The free surface
had the highest percentage association among all types of rock. The distribution of minerals
varied significantly between different types of rock. Certain minerals, such as Chlorite,
exhibited inconsistent associations across rock types.

4.1.2. Metallurgical Attributes

Table 2 illustrates the results of the comminution variability of two different lithologies:
FPX and P-FPX. For FPX, the results showed variations in BWI and the grind size achieved
among the rock types (F-PXI, F-PX2, E-PX3, F-PX4). For the 90% confidence interval, the
BWI ranged from 19.4 kWh/t to 23.5 kWh/t for the FPX, with an average of 23.14 kWh/t
for the P-FPX. The samples were competent with respect to ball milling with hardness
classifications of hard to very hard. The results of the BWI values ranged from 18.4 kWh/t
to 23.5 kWh/t, with an average of 14.2 kWh/t for FPX.

Figure 2 compares the actual PGM and projected throughput in the analysed campaign.
The throughput regression model’s accuracy was verified by applying comminution and
the PSO across multiple campaigns. The model’s forecast shows a correlation coefficient of
83% and a mean absolute error of 0.44%.
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Figure 2. Measured PGM throughput vs. the predicted throughput.

4.2. A Predictive Model for Comminution Performance

Table 5 shows the correlation results between the BWI and mineralogy. The numerical
values revealed the strength and direction of the linear relationship between the variables.
Chlorite had a strong positive correlation with iron oxides (0.74) and BWI (0.71) and a
strong negative correlation with silicates (—0.74). Iron oxides showed a strong positive
correlation with Chlorite (0.74) and a negative correlation with silicates (—0.85). Silicates
strongly correlated negatively with Chlorite (—0.74) and iron oxides (—0.85). BWI has a
moderate positive correlation with Chlorite (0.71) and a weaker positive correlation with
iron oxides (0.51) while showing a moderate negative correlation with silicates (—0.59). This
statistical analysis is valuable for identifying potential correlations between the variables
under investigation. Understanding these correlations can help predict one variable’s
impact on another within the study’s framework. Thus, it provides insights into how
changes in one variable affect another.
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Table 5. Correlation and the statistically significant variables for BWI.
Chlorite IronOxides Silicates BWI
Chlorite 1.00 0.74 —0.74 0.71
IronOxides 0.74 1.00 —0.88 0.51
Silicates —0.74 —0.88 1.00 —0.59
BWI 0.71 0.51 —0.59 1.00

To determine the number of components to keep for this optimisation process, the
variation in principal components, as a function number component, as shown in Figure 3a,
is needed. The principal analysis Scree plot (Figure 3a) showed that only two components
can be retained to reduce the dimensionality of data and avoid overfitting. The Biplot shown
in Figure 3b highlights that the objects are displayed as points, variables are displayed as
arrows or vectors, and scores deviate from the average for each variable.
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Figure 3. Principal Component Analysis Scree plot (a) and Biplot (b).

Figure 3b shows the numerical variables’ correlation matrix. The large obtuse angle
between RD and silicates indicates that the correlation between these variables is strongly
negative. The acute angle between Iron oxides and RD shows that the correlation between
these variables is strongly positive. The obtuse angle between Chlorite and silicates shows
their correlation is strongly negative. Thus, silicates and RD provide approximately 70%
additional information, and there is a significant correlation between these factors and BWL

In terms of the length of the variable vectors, most of the variation is explained by the
bottom diagonal and top variables due to the greater length of variable vectors. Thus, the
most significant contributor of the first PC is silicates, which is the diagonal variable and
shows a higher variation. Rd is the most contributor of the second PC on the top, showing
a higher variation.

Principal Component Analysis (PCA) was implemented prior to the regression anal-
ysis to address the problem of multicollinearity. Consequently, in datasets characterised
by a several features, multicollinearity—defined as the substantial intercorrelation among
features—can present significant challenges. PCA addresses this issue by producing princi-
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pal components that are orthogonal, or uncorrelated, thereby enhancing both the robustness
and interpretability of the regression model [48]. Furthermore, PCA can proficiently mit-
igate data noise by prioritising the components that contribute the most to the overall
variance, thereby impacting metallurgical performance and facilitating improved model
efficiency [49]. Although it is feasible to conduct a regression analysis without the applica-
tion of PCA, such an approach may lead to overfitting, particularly in high-dimensional
datasets, as exemplified in this study.

Figure 4 shows that the variables that had the most impact on explaining the metallur-
gical performance in the PCA were Chlorite, iron oxide, silicates, and RD. These variables
accounted for approximately 17% of the initial 23 independent variables. PCA enables the
identification of redundant variables, characterised by a strong linear correlation between
two variables, as well as the determination of the factors that have the most significant
impact on explaining a specific phenomenon.
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Figure 4. Probability plots of normal distribution.

Figure 4 shows the Q-Q plot where 30% of the data were used to calculate the model
coefficients. In comparison, the remaining 70% assessed the predictive ability of the model
proposed in Equation (3) as the objective function.
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After the residual treatment, the regression equation was utilised to compute the final
response function based on the mineralogical component that impacts BWI’s comminution
performance. The following BWI model was developed for the Platreef deposit:

BWI = —Co + C1(Xp1) — C2(Xp2) — C3(X13) + Ca(Xpa) + C5(Xt5) + Co(Xs6)

6
+C7(Xy7) — Cg(Xsg) + Co(Xs9) 4+ Cio(Xt10) + Cr1(Xp11) (©)

where

Cy = Constant, C; = Coefficients X6 = IronOxides*RD
X1 = Chlorite X7 = Silicates*RD
X = IronOxides X3 = Chlorite?

X3 = Silicates X9 = IronOxides?
Xy =RD X410 = Silicates?

X5 = Chlorite*Silicates X411 = RD?

Most of the input parameters in the Platreef response function are mineral species in
the ore feed, as shown in Equation (6). The other parameters, including the RD, are all
physical properties of the ore. No parameter relating to operating conditions is included,
although the model considers these two processes. This is ascribed to the fact that the
parameters in Equation (6) are among those monitored on the plant. The advantages of this
model are that it is simple, flexible, and quick to manipulate when estimates are needed.

The statistical analysis results shown in Table 6 demonstrate that only three variables,
i.e., IronOxides*RD, Silicates*RD, and Chlorite?, have a statistically significant positive
effect on BWI. The results show that a one-unit change in the IronOxides*RD combination
mix will result in a 4.8% upward variation in BWI, holding the impact of other variables
constant. A one-unit change in the silicates*RD combination mix will result in a 15.4%
upward variation in BWI, assuming no changes in different variables. Furthermore, a
one-unit change in the Chlorite? mix has an exponential effect, resulting in a 12% upward
variation in BWI, holding the impact of other variables constant.

Table 6. Final regression model results.

Coefficient Variable Regressed Constant SE p-Value
Co (Intercept) —0.089 0.036 0.014
Cq Chlorite 0.781 0.030 3.729
Cy IronOxides —0.798 0.065 3.205
Cs Silicates —0.720 0.057 2.523
Cy RD 0.591 0.040 6.253
Cs Chlorite*Silicates 0.636 0.065 4.937
Ce IronOxides*RD 0.048 0.022 0.028
Cy Silicates*RD 0.154 0.045 0.000
Cs Chlorite? 0.120 0.041 0.003
Cy IronOxides? 0.207 0.025 9.376
Cio Silicates? 0.110 0.028 8.251
Cn RD? 0.076 0.012 6.412

While the results show that IronOxides and silicates negatively affect BWI, it is statisti-
cally insignificant. Chlorite, RD, Chlorite*Silicates, iron oxides?, silicates?, and RD? exhibit
a positive relationship with BWI, but they are also statistically insignificant.

The repeated computation of the Root Mean Squared Error (RMSE) and the coefficient
of determination R? was used to assess the model’s efficacy in regression analysis. The
model statistics are presented in Table 7. The regression analysis resulted in a coefficient of
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determination R? of 0.80, indicating that 80% of the variation in BWI is represented by all
the variables in the model, excluding the residual.

Table 7. Model Statistics.

Model Statistics Value
Root Mean Squared Error 0.44
R 0.80
Adjusted R? 0.79

RMS Error 0.441
F-statistic 243

p-Value 229

Note: * Represents a highly significant value.

4.3. A Dynamic Optimization Algorithm for Tactical Blending

An innovative methodology for optimising multiple objectives was implemented to
effectively handle comminution processes and geological uncertainties. The algorithm
developed for this purpose considers various constraints and parameters influenced by
geological uncertainties, impacting operational strategies and stockpile management. To
prevent overstock of Ore 1, a balance between the weights wia and w,, is maintained,
where w1 + wpa = 100, woy is greater than wy, and the value of w4 falls between 35 and
50. Similarly, for Ore 2, the weights wyg and w;p are managed such that wip + wpp equals
100, wyp is greater than wyp, and wyp ranges between 25 and 50.

The PSO parameters include a swarm size of 20 and 2 unknown variables. The
weight inertia, w, linearly decreases from 1.1 to 0.1 during optimisation. Acceleration
coefficients, c1 and c2, are set to 1.49 each to guide the particles towards optimal solutions.
A termination criterion is established based on an error tolerance of 1079, ensuring precision
in the optimisation outcomes. Additionally, the maximum number of function evaluations
is limited to 400 to control the computational complexity of the optimisation process
and enhance efficiency. These parameters collectively contribute to the effectiveness and
reliability of the optimisation methodology in addressing the complexities of comminution
processes and geological uncertainties.

The feed rates, rp and rp, attributed to Mode A and B, respectively, play a crucial
role in determining both the throughput and trigger point within the alternating mode
of operation involving Mode A and B, as explicitly mentioned in Section 1, Equation (5),
and Table 8. Prior research efforts have utilised a deterministic approach to harmonise the
operational parameters of the concentrator (ra, g, W1a, W2a, W1B, WyB) in response to the
mineralogical variances present in the feed (w;p and w;p). Nonetheless, this methodology
failed to account for essential model parameters like the feed rates specific to Mode A
and B, geological uncertainties, and the weight fractions of Ores 1 and 2 in Mode A
and B that require blending. Initially, two out of the five distinct rock formations were
chosen for extraction in the preliminary phases of the project. This selection was based
on a comprehensive evaluation of various factors, including mineralogical composition,
physical characteristics, and operational feasibility.

In the context of processing campaigns 1 to 6 under both Mode A and Mode B, the
mineralogical composition and unique physical attributes of the ore feed derived from
the two ore types, Ore 1 and Ore 2, are detailed in Table 7. These ore types encompass
high-grade (FPX) and low-grade (P-FPX) lithologies. The ratio of PGM mineralisation, as
determined through the analysis of PGM mineral quantities, suggests that the deposit is
anticipated to yield an average blend of 75% Ore 2 and 25% Ore 1 in the foreseeable future.
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Table 8. Operational tactics and deposits forecast.
Produc.tlon Parameters Mode A Mode B Deposit
Campaigns
Regular Contingency Regular Contingency

Throughput (t/h) 503.00 386.00 444

1 Low-grade PGM (PFPX) % 46.13 10.00 51.78 90.00 25
High-grade PGM (FPX) % 53.87 90.00 48.22 10.00 75

Throughput (t/h) 535.00 362.73 449

2 Low-grade PGM (PFPX) % 47.98 10.00 55.57 90.00 25
High-grade PGM (FPX) % 52.02 90.00 4443 10.00 75

Throughput (t/h) 487.00 431.00 459

3 Low-grade PGM (PFPX) % 48.80 10.00 50.91 90.00 25
High-grade PGM (FPX) % 51.20 90.00 49.09 10.00 75

Throughput (t/h) 497.00 434.00 466

4 Low-grade PGM (PFPX) % 47.92 10.00 50.01 90.00 25
High-grade PGM (FPX) % 52.08 90.00 49.99 10.00 75

Throughput (t/h) 502.00 423.00 462

5 Low-grade PGM (PFPX) % 47.17 10.00 50.01 90.00 25
High-grade PGM (FPX) % 52.83 90.00 49.99 10.00 75

Throughput (t/h) 511.00 414.00 463

6 Low-grade PGM (PFPX) % 46.54 10.00 50.18 90.00 25
High-grade PGM (FPX) % 53.46 90.00 49.82 10.00 75

Following the completion of the input process for the laboratory test outcomes, Table 8
demonstrates the results of the deposit projection generated by the PSO algorithm concern-
ing the weight proportions of Ore 1 and Ore 2, the combined feed rate for both Mode A and
Mode B, as well as the Contingency aspect. The operational parameters of the concentrator
(ra, rB, 1A, WA, W1iB, WeB), encompassing the variations in mineralogy within the deposit
(w1p and wyp), have been replicated through simulation. The data provided in Table 8
and Figure 5 indicate that by harmonising the processing rate and the desired stockpile
level, the blend of high-grade PGM Ore I (FPX) and low-grade PGM Ore 1I (PFPX) will
be extracted at rates of 668, 728, 520, 522, 550, and 583 tons per hour for the consecutive
campaigns from 1 to 6. The selection between configuration A and B was influenced by the
specifics derived from the mineralogical analyses conducted in the laboratory setting. The
outcomes suggest that the optimal operational efficiency can be attained at a throughput
of 728 tons per hour during campaign 2, all the while upholding a consistent particle size
distribution at approximately 75 micrometres, along with stable power consumption and
particle size dispersion.

It is important to recognise that the percentage (%) in Table 8 denotes the weight
fractions of Ore 1 and Ore 2 for both Mode A and Mode B (i.e., regular and Contingency
operational modes) as well as for the deposit.
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Figure 5. Throughput variability for various production campaigns.
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5. Discussion

The primary objective of this paper was to tackle the challenges presented by ge-
ometallurgy in dealing with complex ore deposits and the impact of variability in mineral
processing, particularly in comminution processes affected by geological uncertainties and
fluctuations in feed composition. The three specific objectives formulated to address this
primary objective: To gain a better understanding of the variability of the complex orebody
and identify the geological properties that drive metallurgical performance, to investigate
the effect of mineralogical variability on comminution performance, and to develop an
algorithm to balance the blending strategy.

5.1. Identification of Key Geometallurgical Attributes Influencing Comminution Performance

The study’s first objective was to determine the variability of the complex orebody
and identify the geological properties that drive metallurgical performance. Thus, min-
eralogical analyses were conducted to enhance the efficiency and effectiveness of mining
operations and improve recovery rates at Platreef ore. A similar comprehensive study
of complex-structured ore bodies was performed at the Kryvyi Rih iron ore basin, where
mineralogical analysis aided in selecting the most appropriate mining systems to increase
the iron content in the mined ore mass, thereby enhancing recovery rates and achieving
significant economic benefits [50]. Similarly, detailed mineralogical assessments conducted
in the Broken Hill Sulphide Deposit provide insights that can improve ore recovery and
address environmental concerns by allowing for an understanding of the complexity and
variability within the deposit [8]. Mineralogical analysis also plays a critical role in identify-
ing and mitigating the loss of valuable minerals during the preparatory stages of analysis,
thereby increasing the industrial value of minerals by addressing the challenges posed by
their significant mobility and the complexity of their shapes [51].

The current paper found the bulk mineralogical composition of the FPX sample to
primarily contain pyroxene with varying levels of feldspar and other silicates in small
proportions. Pyroxene is also a dominant mineral in the P-FPX sample, accompanied by
lesser amounts of feldspar and serpentine with variable quantities of olivine present. This
finding demonstrates more significant variability in the bulk mineralogy in the FPX sample
compared to the P-FPX sample.

The base metal sulphides in the FPX and P-FPX rock types were dominated by
pyrrhotite across all the rock types, with lesser proportions of pentlandite and chalcopy-
rite, with notable variations. The best comminution technique for processing base metal
sulphides dominated by pyrrhotite, pentlandite, and chalcopyrite with notable variation
would involve selective grinding and flotation processes. Selective grinding can optimise
the grinding of cassiterite polymetallic sulphide ore by focusing on specific minerals based
on their mechanical properties. Additionally, the use of a pyrrhotite mineral processing
method involving flotation and magnetic separation can effectively recover valuable metals
like copper, iron, sulphur, and pyrrhotite from low copper content pyrrhotite ores [52].
Furthermore, developing technologies like sulfurizing roasting followed by magnetic and
flotation concentration have shown promising results in extracting lead and zinc from
enrichment wastes, including pyrrhotite-rich materials [53]. These techniques can enhance
the efficiency of processing base metal sulphides with varying mineral compositions.

The study also found BMS in the FPX sample to be free from other minerals, with a
balance mainly associated with silicates. In this regard, the most suitable comminution
technique for processing base metal sulphides in FPX rocks, predominantly associated with
silicates, involves the application of high voltage pulses (HVP) for selective treatment of
mineralised particles [53]. HVP has shown remarkable effectiveness in selectively targeting
mineralised particles, leading to better mineralisation deportment into finer sizes with
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lower energy input, resulting in higher metal recovery rates and waste rejection during
pre-concentration. Moreover, HVP has been found to selectively weaken mineralised
particles, making them more amenable to downstream processes while sparing barren rocks
from excessive damage, maximising the benefits of pre-weakening [54]. This innovative
approach offers a disruptive technology that can enhance the efficiency of processing base
metal sulphides in complex ore compositions.

Similarly, the BMS in the P-FPX sample is free from other minerals, with the balance
associated with mainly Chlorite and silicates. The processing of such ore can be optimised
through a multi-objective technical and economic analysis approach [53]. According to
Guldris and Bengtsson [55], this method involves selective comminution, which could
improve process capacity by 23% and reduce production costs by 10%. Therefore, according
to the information obtained through the mineralogical characterisation, the ore should be
processed through a multi-objective optimisation-based approach.

5.2. Development of a Predictive Model for Comminution Performance

The study’s second objective was to investigate the effect of mineralogical variability
on comminution performance. The comminution tests are essential for properly designing
a mineral processing plant, as they are used to compare the grinding characteristics of
different ore minerals and allow for an understanding of their comminution behaviour
under compression, which is influenced by their mineralogical, physical, and mechanical
properties. This understanding is crucial for optimising the performance of comminution
circuits, especially in processing low-grade ores, by enabling a multi-objective analysis that
can improve process capacity and reduce production costs [55]. Moreover, the evaluation
of ore hardness and grindability parameters through comminution tests supports the
optimisation of process plants for various minerals, enhancing the energy efficiency of
the comminution process [56]. It also aids in investigating improvements and alternative
options for existing operational plants, considering changes in ore characteristics and the
need for cost optimisation [34].

In this paper, comminution variability tests have confirmed that the plant feed can
be characterised as being hard to very hard and is thus not suitable for Semi-Autogenous
Grinding (SAG) milling. Thus, the energy consumption in comminution processes in this
regard is relatively lower than that for harder ores. In this regard, the comminution process
benefits from a method that minimises shear forces and fine reductions, which are crucial
for soft to medium hard ores to prevent unnecessary particle size reduction and energy
consumption. Control strategies that involve continuous adjustment and optimisation of
grinding parameters to further improve the grinding process’s adaptability and efficiency
for varying ore characteristics are crucial [57]. This can lead to economic benefits in mineral
processing plants, as the costs associated with energy consumption can be significantly
reduced [58].

Based on the abrasion index and the crusher work index, it was found that the ore
can be classified as having a medium abrasion tendency. In this regard, employing a
vertical roller mill with a horizontal grinding table can be advantageous because it can
apply a compressive force with minimal shear, thereby reducing fines and wear on the
equipment [58]. This approach aligns with the need to manage medium abrasion ores
effectively by minimising unnecessary reductions in particle size, which can lead to ex-
cessive wear. Moreover, integrating accelerometer measurements of the mill shell into
the control system can further optimise the milling process by adjusting it according to
the lithological structure of the ore, thus improving the effectiveness of the milling and
classification processes [59].



Processes 2025, 13, 443

20 of 27

The paper found a regression coefficient of determination R? of 0.80, demonstrating
the model’s effectiveness in predicting the BWI for various ore types, which is crucial for
optimising mineral processing operations. The satisfactory level of accuracy attests to the
potential of advanced optimisation tools such as PSO in augmenting the performance of
comminution circuits. The paper also identifies the significant positive impact of IronOx-
idesRD, SilicatesRD, and Chlorite? on BWI, providing insights into how changes in these
mineralogical components affect comminution performance, thereby aiding in the optimisa-
tion of grinding processes. Through the statistical analysis to establish correlations between
BWI and mineralogy, the study found strong relationships between Chlorite, IronOxides,
silicates, and BWI, which can guide the adjustment of processing parameters for improved
efficiency. By developing a final regression model that includes coefficients for various
mineralogical and physical properties, the paper offers an enhanced understanding of
how these factors collectively influence the comminution process, enabling more accurate
predictions of BWI. Considering these findings, a processing strategy can be designed
to optimise the liberation of valuable minerals from Platreef ore while managing energy
consumption and operational costs effectively.

5.3. Implementation of a Dynamic Optimisation Algorithm for Tactical Blending

The third objective of this study was to develop an algorithm to balance the blending
strategy. In this regard, the study successfully integrates PSO with new constraints to
mitigate excessive stockpile formation, enhancing the efficiency of comminution circuits
amidst geological uncertainties, as evidenced by the innovative multi-objective optimi-
sation methodology and the detailed mineralogical assessment highlighting significant
correlations between ore properties and operational methods, particularly with Chlorite,
IronOx, the Bond Work Index (BWI), and silicates. The utilisation of the PSO algorithm to
optimise throughput by dynamically switching between different modes offers a promising
solution to the complexities arising from heterogeneous ore deposits and the evolving
nature of the concentrator feed [33].

The study provides compelling evidence that a more efficient utilisation of grinding
energy can be achieved by defining operational tactics that can adapt to variations in min-
eralogical composition [60]. For instance, continuous reliance on Mode A could potentially
lead to an overabundance of Ore 1 and a shortage of Ore 2, posing challenges in mine
production scheduling, feed balance, and optimal utilisation of mining machinery. Con-
sequently, such imbalances could result in costly reductions in downstream performance.
To address this issue effectively, it is recommended to consider incorporating Ore 1 in
higher proportions (>35%) while adhering to the stockpile constraint (where wys > wya
and 35 < wya, <50). This strategic approach aims to avert potential shortages, enhance pro-
duction efficiency, and sustain a harmonised concentrator operation. Key considerations
to bear in mind include the necessity of maintaining an average blend of 75% Ore 2 and
25% Ore 1 to ensure consistent throughput and the significance of using Ore 1 in higher
proportions (>35%) while respecting the stockpile constraint (woa > w1 and 35 < wqa, <50)
to optimise operational strategies. wip

Furthermore, it is assumed that the transition to Mode B entails establishing a practical
throughput and optimising Wyg and W to facilitate seamless operations during shut-
downs or equipment upgrades. In scenarios where the percentage of Ore 1 material falls
below 35% in Mode A, a switch to Contingency A occurs. Similarly, activating Contingency
B is advised if the percentage of Ore 2 material drops below 25% in Mode B. Nevertheless,
the likelihood of encountering such situations is minimal if a substantial portion of Ore 1
has already been blended with Ore 2 in Mode A. These assumptions underpin the consid-
erations made during the estimation using the PSO algorithm. Therefore, implementing
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optimal blending strategies for mineralogical variability can lead to substantial energy
savings and consequent cost reductions. While the current research primarily focuses
on geological uncertainties and mineralogical variations, it is essential to note that exter-
nal factors such as machine breakdowns and mill speeds can also significantly influence
optimisation strategies.

The model’s forecast shows a correlation coefficient of 83% and a mean absolute error
of 0.44%. The low mean absolute error and high correlation coefficient indicate the model’s
precise prediction of actual throughput in the processing plant, falling within an acceptable
range. The newly developed algorithm significantly improves the deterministic technique
used for throughput estimation. The regression equation also proves its capability to
accommodate variations in feed ore consistency effectively.

Overall, the study presents an improved processing model, which is outlined in
Table 9, contributing to a more accurate, efficient, and adaptable processing model, capable
of handling the complexities and uncertainties inherent in mineral processing, which are
not addressed by the existing processing model.

Table 9. Improvements from the existing processing model.

Existing Processing Model

Improved Processing Model

The existing processing model faces challenges
due to the variability of complex ore bodies,
such as PGE deposits. These geological
uncertainties can impact the accuracy and
reliability of the model’s predictions.

The model’s performance is affected by
mineralogical variability, which influences
comminution performance. Thus, it can be said
that the current model does not fully address
the problem of variability.

The presence of multicollinearity in datasets,
characterised by substantial intercorrelation
among features, can present significant
challenges. Although PCA is used to mitigate
this issue, the model may struggle with
high-dimensional datasets.

The model’s effectiveness is limited by the
hardness and grindability of the ore.
Comminution variability tests have shown that
the plant feed can be characterised as hard to
very hard, which is not suitable for certain
milling processes like SAG milling.

While the model aims to enhance energy
efficiency, the need for continuous adjustment
and optimisation of crushing parameters
suggests that the current model may not fully
optimise energy consumption and
operational costs.

The model has limited lithological
representation. Although improvements have
been made, the model’s predictive accuracy
could be further enhanced by incorporating
more diverse lithologies and rock types to
better manage mineralogical variations.

The processing model has been enhanced by
incorporating a wider range of lithologies and rock types.
This improvement helps in managing mineralogical
variations more effectively, thereby increasing the
predictive accuracy of the throughput model.

A multivariate regression machine learning model was
implemented to simulate the throughput model. This
model uses established mineralogical variables and
geometallurgical data inputs, providing a structured
approach to predict the BWI based on these variables
The explanatory variables in the dataset underwent
normalisation. This process was crucial for minimising
potential biases or discrepancies, ensuring that all
variables are on a standardised scale. This standardisation
facilitates a more accurate and reliable assessment of the
relationship between the BWI and mineralogy.

PCA was used to address multicollinearity issues in the
dataset. By producing orthogonal principal components,
PCA enhances the robustness and interpretability of the
regression model. It also helps in mitigating data noise by
prioritising components that contribute the most to the
overall variance, thereby improving model efficiency

A dynamic optimisation algorithm was implemented for
tactical blending, which considers geological
uncertainties and mineralogical variations. This
algorithm significantly improves the deterministic
technique used for throughput estimation, leading to
substantial energy savings and cost reductions

The PSO algorithm was applied to maximise the plant’s
comminution throughput through tactical blending of
low-grade and high-grade ore stockpiles. This innovative
approach addresses complex geological uncertainties and
enhances stockpile management and tactical
mine-to-mill operations.
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6. Conclusions

The Platreef deposit was subjected to mineralogical analysis and comminution test
work to evaluate and optimise the concentrator mode of operation and throughput by
blending orebodies with high mineralogical variability. The metallurgical test work in-
volved multiple drill core samples extracted from the Platreef nickel-copper—gold PGE
deposit situated in the Northern Limb of the Bushveld Igneous Complex in South Africa.
The test work involved comminution characterisation, bench scale flotation testing and de-
watering. Mineralogical analysis was conducted to understand the characteristics of PGM
and BMSs after comminution. The comminution evaluation was executed using samples
that accurately portrayed the domain point samples of the distinct geometallurgical units
or rock types originating from individual drill core samples. The determination of density
samples was carried out by measuring weight in both air and water utilising the given
formula for Specific Gravity calculation. Optimisation techniques entail the application of
the PCA to reduce the dimensions of the ore characteristics and pinpoint the mineralogical
components crucial for consideration in the multivariate regression analysis. The ML used
a multivariate regression technique to construct a throughput model based on established
mineralogical variables.

The following conclusions can be drawn from this paper:

e  The dominance of pyroxene in the FPX and P-FPX samples with lesser amounts of
feldspar, other silicates, serpentine and olivine in varying amounts suggests that
a multi-objective optimisation-based methodology and statistical modelling can be
utilised to address these variations, making it possible to achieve superior performance
at Platreef deposit.

o  The BMSs in the FPX and P-FPX rock types, dominated by pyrrhotite across all the rock
types, with lesser proportions of pentlandite and chalcopyrite with notable variation,
highlights that a combination of selective grinding and flotation processes would be
the best comminution technique.

e  The BMSs in the FPX sample were found to be free from other minerals with a bal-
ance associated with main silicates, suggesting that the most suitable comminution
technique involves the application of HVP for the selective treatment of mineralised
particles. On the other hand, the BMS in the P-FPX sample was found to be free from
different minerals, with the balance associated mainly with Chlorite and silicates.
This also confirms that a multi-objective approach can be utilised as an optimisation
approach when processing such ore.

e  Comminution variability tests confirm that the plant feed can be characterised as hard
to very hard and thus not suitable for SAG milling. This suggests a processing method
that minimises shear forces and fines reduction to prevent unnecessary particle size
reduction and energy consumption, as well as control strategies with continuous
adjustment and optimisation of crushing parameters.

e  The abrasion index and the crusher work index confirm that the ore can be classified as
having a medium abrasion tendency, suggesting that employing a vertical roller mill
with a horizontal grinding table and the integration of the accelerometer measurements
of the mill shell into the control system to optimise the milling process further would
be ideal.

e  The study demonstrates that a multi-objective technique can be implemented by
defining operational tactics between Mode A and Mode B to adapt to variations in
mineralogical composition.
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Future work will be focused on:

e  Enhancing the predictive accuracy of the throughput model by incorporating more
diverse lithologies and rock types to manage mineralogical variations more effectively.

e  Exploring the application of advanced simulation models for ore stockpile manage-
ment to optimise profit in mining activities, considering the principles of geometal-
lurgy for quantitative forecasts regarding metallurgical efficiency.

e Investigating the economic benefits of employing vertical roller mills with horizontal
grinding tables for medium abrasion ores could lead to significant reductions in
energy consumption and equipment wear, aligning with the need for efficient ore
processing strategies.
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Appendix A
Table A1. Bulk mineralogical composition of FPX (wt%).
Mineral Rock Type
FPX1 FPX2 FPX3 FPX4
BMS 0.77 4.01 3.66 3.23
Feldspar 11.74 23.34 37.96 11.22
Clinopyroxene 13.5 17.73 16.53 23.5
Orthopyroxene 66.39 39.82 31.02 42.9
Olivine 0.48 1.57 0.22 0.39
Serpentine 0.02 0.96 0.36 1.6
Chlorite 2.13 1.14 1.14 4.99
Other silicates 4.13 9.21 8.03 9.76
Chromite 0.18 1.02 0.3 1.5
Fe-Oxides 0.5 0.5 0.39 0.39
Carbonates 0.13 0.7 0.37 0.49
Other * 0.03 0.02 0.01 0.01
Total 99.97 100 99.98 99.97

Note: * Other silicates are mainly amphiboles.

Table A2. Bulk mineralogical composition of P-FPX (wt%).

Mineral Rock Type
P-FPX1 P-FPX2 P-FPX3 P-FPX4

BMS 2.94 0.89 1.93 2.6
Feldspar 17.61 10.28 10.03 9.66
Clinopyroxene 11.75 17.38 17.2 19.15
Orthopyroxene 33.85 21.38 17.36 34.58
Olivine 10.13 9.19 441 2.94
Serpentine 7.34 13.96 19.15 4.23
Chlorite 4.62 7.62 8.78 9.51
Other silicates 5.62 5.81 9.8 12.5
Chromite 2.81 8.07 6.53 1.28
Fe-Oxides 2.28 3.4 4.44 1.78
Carbonates 0.7 1.26 0.35 1.69
Other * 0.35 0.77 0.02 0.08
Total 100 100 100 100

Note: * Other silicates are mainly amphiboles.
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Table A3. BMS proportions in the FPX (wt%).

Mineral Rock Type

FPX1 FPX2 FPX3 FPX4

Pentlandite 20.24 25.37 18.23 26.22
Millerite 0.01 0.02 0.02 0.02
Chalcopyrite 18.67 16.09 10.34 17.44
Pyrrhotite 60.32 57.48 69.98 54.88
Pyrite 0 0.04 0.12 1.19
Other sulphides 0.77 0.99 1.32 0.25
Total 100.01 99.99 100.01 100

Table A4. BMS proportions in the P-FPX (wt%).

Mineral Rock Type

P-FPX1 P-FPX2 P-FPX3 P-FPX4

Pentlandite 24.85 35.71 20.47 32.25

Millerite <0.01 0.02 0.01 <0.01

Chalcopyrite 17.97 17.29 19.51 18.12

Pyrrhotite 56.74 45.14 59.84 49.16

Pyrite 0.08 1.23 <0.01 0.11

Other sulphides * 0.36 0.62 0.17 0.37
Total 100 100.01 100 100.01

Note: * Other silicates are mainly amphiboles.

Table A5. BMS association in the FPX (wt%).

Mineral Rock Type

FPX1 FPX2 FPX3 FPX4

Other sulphides 0.03 0.13 0.1 0.04
Silicates 12.38 8.13 7.52 7.92
Chlorite 0.88 0.63 0.56 2.27
Mica 0.09 0.34 0.31 0.28
Chromite 0.02 0.04 0.02 0.04
Fe-Oxides 0.1 0.18 0.22 0.21

Dolomite 0.04 0.51 0.11 0.2
Other * 0.17 0.37 0.12 0.12
Free Surface 86.3 89.68 91.04 88.93
Total 100 100 100 100

Note: * Other silicates are mainly amphiboles.

Table A6. BMS association in the P-FPX (wt%).

Mineral Rock Type
P-FPX1 P-FPX2 P-FPX3 P-FPX4
Other sulphides 0.05 0 0 0
Silicates 2.59 4.25 3.38 3.32
Chlorite 3.37 6.28 6.48 1.18
Mica 0.19 0.26 0.15 0.22
Chromite 0.04 0.08 0.19 0
Fe-Oxides 0.63 1.39 1.02 0.25
Dolomite 0.58 0.98 0.26 0.25
Other 0.2 0.14 0.08 0.03
Free Surface 92.35 86.62 88.43 94.74
Total 100 100 100 100
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