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Abstract

Mineralogical variability exerts a profound influence on the flotation performance of Plat-
inum Group Metal (PGM) ores, particularly those from the Platreef deposit, where complex
associations and textures influence recovery, grade, and kinetics. This study integrates
the Mode of Occurrence (MOC) and mineral associations into a modified Kelsall flotation
kinetics model, optimized using a Particle Swarm Optimization (PSO) algorithm, to im-
prove prediction accuracy. Batch flotation tests were conducted on eight samples from
two lithologies—Pegmatoidal Feldspathic Pyroxenite (P-FPX) and Feldspathic Pyroxen-
ite (FPX)—with mineralogical characterization performed using MLA, QEMSCAN, and
XRD. PGMs in liberated (L) and sulfide-associated (SL) forms accounted for up to 90.6%
(FPX1), exhibiting high fast-floating fractions (67 = 0.77-0.84) and fast flotation rate constants
(Kf=1.45-1.78 min~!). In contrast, PGMs locked in silicates (G class) showed suppressed
kinetics (Kr < 0.09 min~!, K; anomalies up to 8.67 min~!) and were associated with lower
recovery (P-FPX3 = 83.25%) and increased model error (P-FPX4 = 57.3). FPX lithologies
achieved the highest cumulative recovery (FPX4 = 90.35%) and the best concentrate grades
(FPX3 =116.5 g/t at 1 min), while P-FPX1 had the highest gold content (10.45%) and peak
recovery (94.37%). Grade-recovery profiles showed steep declines after 7 min, particularly
in slow-floating types (e.g., P-FPX2, FPX2), with fast-floating lithologies stabilizing above
85% recovery at 20 min. The model yielded R? values above 0.97 across all samples. This
validates the predictive power of MOC-integrated flotation kinetics for complex PGM ores
and supports its application in geometallurgical plant design. Model limitations in cap-
turing complex locked ore textures (SAG, G classes) highlight the need for reclassification
based on floatability indices and further integration of machine learning methods.

Keywords: flotation kinetics; PGM ores; mineralogical variability; particle swarm optimization;
geometallurgy; flotation plant design

1. Introduction

The Platreef Platinum-Group Element (PGE) ore deposit, a significant component of
South Africa’s Bushveld Complex, is recognized for its diverse mineralogy and complex
geology. Processing Platinum Group Minerals (PGMs) from this deposit poses considerable
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challenges due to the variability in mineral associations, textures, and liberation charac-
teristics. This complexity has direct implications for flotation kinetics, recovery rates, and
consequently, the operational performance and design of metallurgical plants.

The Platreef orebody exhibits specific mineralogical complexities characterized by
the presence of various PGM minerals, including arsenides and tellurides. Due to their
unique mineralogical traits, minerals such as chalcopyrite and chalcocite display differential
flotation behaviors. The textural variability further complicates flotation, as fine-grained
PGMs exhibit slower flotation kinetics than their coarser counterparts. This necessitates fine
grinding, yet finer particles risk entrainment of hydrophilic gangue minerals, negatively
impacting the flotation process efficiency.

Mineralogical variability notably influences flotation kinetics, primarily through its
impact on mineral liberation and association degree. PGMs that are closely associated
with base metal sulfides (BMSs) tend to exhibit efficient flotation due to their hydrophobic
nature [1,2]. Conversely, PGMs locked within gangue minerals or finely disseminated
within silicates and oxides present significantly lower flotation recoveries [1,2].

Different PGMs, such as Pt, Pd, and additionally Au, exhibit distinct flotation be-
haviors, with Pt generally showing the fastest floatability, followed by Pd and Au [3].
The observed PGM mineral species are michenerite, merenskyite, kotulskite (Pd-Bi-Te),
maslovite, moncheite (Pt-Bi-Te), sperrylite (Pt-As), platarsite (Pt-As-S), hollingworthite
(Rh-As-S), isoferroplatinum (Pt-Fe), stibiopalladinite, mertieite, sudburyite (Pd-Sb), gold
(Au > 90 mass%) (Au-Ag). Previous studies, such as those by Doubra et al. [3], confirm that
flotation performance variability across PGMs such as Pt, Pd, and Au correlates strongly
with their specific mineralogical associations, highlighting the criticality of understanding
detailed mineralogical characteristics at the Mode of Occurrence (MOC) level.

Flotation remains the primary beneficiation method for recovering Platinum Group
Metals (PGMs) from complex ores. Its efficiency, however, is governed not only by circuit
configuration (e.g., rougher, scavenger, cleaner stages), reagent regimes, pulp density, and
water chemistry, but also by the inherent mineralogical characteristics of the ore [4,5]. While
operational parameters are commonly optimized to improve recovery, the integration of
geometallurgical variables, such as mineral associations, grain size, liberation, and MOC,
into flotation modelling remains limited.

Among kinetic models, the Kelsall model is widely used for characterizing flotation be-
havior due to its ability to distinguish between fast-floating and slow-floating mineral frac-
tions. It has been applied extensively to sulfide ores, including copper, nickel, and PGMs,
in studies seeking to model recovery curves and optimize flotation performance [6-8]. For
instance, Kelsall-based models have been used to evaluate circuit configuration impacts
(rougher-cleaner loops), reagent dosage strategies (xanthates, dithiophosphates, frothers),
and varying pulp densities (typically between 25%—40%) on kinetic responses [9,10]. These
applications commonly use empirical flotation data under well-controlled experimental
conditions but tend to treat the ore as a bulk entity without discriminating based on
mineralogical textures [11,12].

Past studies highlight the shortcomings of purely empirical or bulk-parameter models
when applied to geologically complex deposits. Bahrami et al. [13] and O’Connor [14]
demonstrated that textural characteristics such as intergrowth, mineral associations, and
liberation significantly influence flotation rates and recovery trajectories, effects that are ob-
scured when kinetic parameters are derived solely from bulk assay data. More recent work
by Tijsseling [15] and Bahrami et al. [13] demonstrates that textural characteristics, such as
liberation, association, and Mode of Occurrence, significantly influence flotation recovery
trends, outcomes that are often overlooked when kinetic parameters are fitted using bulk
assay data alone. Despite these insights, flotation models remain largely empirical in PGM
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systems, with limited incorporation of mineralogical constraints into parameter estimation
frameworks. Despite this, few models incorporate these mineralogical constraints into
parameter estimation, particularly in PGM systems where discrete particle tracking and
textural classification remain underutilized.

This study addresses this gap by presenting a mineralogically informed adaptation of
the Kelsall model, linking kinetic parameters directly to mineralogical classes defined by
MOC and liberation. Flotation tests were performed on Platreef ore under standardized
rougher flotation conditions (35% solids, pH~9, SIBX 120 g/t, Sendep 30E 300 g/t, and
Senfroth 522 80 g/t) to isolate the effect of ore mineralogy. The model is calibrated using
Particle Swarm Optimization (PSO), enabling robust kinetic parameter estimation across
multiple lithologies and textures. This work aims to demonstrate that integrating miner-
alogical attributes into flotation models not only improves recovery prediction accuracy
but also enhances their applicability in geometallurgical frameworks, circuit design, and
strategic mine planning.

Traditionally, flotation kinetics have been modelled using several approaches, pri-
marily based on first-order kinetics, rate constant distribution models, and graphical and
computational methods. The Kelsall model is a well-known example that incorporates
both fast- and slow-floating mineral fractions, each with its own rate constant [16,17].
Equation (1) is the unmodified Kelsall model with the basic assumption that the flota-
tion process follows first-order kinetics, with the basic assumption that the mechanism of
bubble—particle attachment recovers minerals and the recovery rate is proportional to the
concentration of floatable particles. The Kelsall model incorporates fast- and slow-floating
components that are the most widely used to describe the flotation kinetics.

R= (100 — ) x (1~ el M) 16y x (1~ el Fox0) 0

where:

R is the maximum recovery at time, t
Kf is the fast-flotation rate
K is the slow-flotation rate

8 is the fraction of the slow-floating component

The unmodified Kelsall model constraints are given in Equations (2)—(4). Equation (2)
represents the fast flotation rate constant constraints, a critical parameter that controls
several aspects, such as recovery rate, cell design configuration, reagent dosage, and
process control. This also includes the control of the liberated and locked particles of
valuable minerals, respectively. Equation (3) represents the constraints of the slow flotation
rate constant, which controls the extended residence time and influences the larger cell
configuration, type, and reagent amount. Equation (4) represents the slow-floating fraction
constraints. It represents a non-binding constraint that allows the slow fraction to satisfy
a set of minimum and maximum values. Equation (5) represents the fast-slow flotation
fraction constraints, while Equation (6) represents the non-negativity constraints.

T <kt <TY e {1..L},Vte{t..T} @)
T <kad<TS Vvl e{1,..,L},Vtelt.. T} (3)
T <6l <T9 Vvl € {1,...,L}, Vt € {t,...,T} (4)
ks —k;; <0 V1€ {1,...,L}, Vt € {t,...,T} ()
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However, the current models have limitations, primarily due to their inability to com-
prehensively integrate the complex mineralogical characteristics at the level of liberation
classes based on the MOC for complex ore bodies. They simplify assumptions and assume
that the rate constant for both fast-floating and slow-floating particles remains constant
throughout the flotation process. They do not account for particle entrainment, which can
occur due to water turbulence. Previous studies, such as Alvarez-Silva et al. [18], compared
kinetic models using relatively simple mineral systems (e.g., pyrite and calcite). While it
provides a good benchmark for model performance, it lacks validation against ores with
heterogeneous mineralogy, intergrowths, or textural complexity. Such variability can lead
to deviations in flotation behavior from model predictions, particularly when mineral asso-
ciations influence surface chemistry or bubble—particle interactions. Bu et al. [16] explored
a range of kinetic models and rate constant distributions; their work is largely based on
batch flotation tests conducted under controlled conditions. These models often assume
homogeneity in particle behavior, which does not hold in complex ores where liberation
varies significantly across size fractions and mineral associations. Consequently, their
models may not accurately capture the behavior of complex orebodies with variable libera-
tion characteristics, leading to an over- or underestimation of recovery and rate constants.
Vinnett et al. [19] introduce a useful method for analyzing flotation rate distributions across
size classes; it does not explicitly integrate liberation data or mineralogical associations into
the analysis. In complex ores, particle size alone is not a sufficient predictor of flotation
behavior—liberation degree and mineral locking play a critical role. Without incorporating
these factors, the model may misinterpret erratic performance as size-related rather than
liberation-driven.

This leads to inadequate predictions of flotation kinetics for complex ore bodies
exhibiting variability in the liberation classes.

The modified Kelsall model has demonstrated potential in capturing differential
flotation kinetics by explicitly accounting for fast and slow flotation fractions of minerals.
Previous research, such as Doubra et al., has noted its effectiveness [3]. Additional stud-
ies have reinforced its utility in modeling complex flotation systems, particularly in the
recovery of Platinum Group Metals (PGMs). For instance, Chipise et al. applied the five-
parameter modified Kelsall model to scavenger bank flotation data in a PGM concentrator
and found that it provided the best fit for describing the kinetics of slow-floating mineral
species [20]. Similarly, Ramlall and Loveday compared several kinetic models for UG2 plat-
inum ore and concluded that the modified Kelsall model, especially when combined with
entrainment modeling, offered superior predictive accuracy for both valuable and gangue
minerals [21]. Furthermore, research on Platreef ore flotation has shown that the model
can be used to develop empirical correlations for Pt, Pd, and Au recoveries, enhancing
process optimization and control [20] and other studies examining PGM recovery. Despite
this, a significant gap remains: the model’s limited capability to fully integrate detailed
mineralogical attributes such as the MOC classifications, particularly for PGMs that do not
precisely fall into the fast or slow flotation categories.

Advancements in flotation prediction increasingly emphasize integrating detailed
mineralogical data, including liberation characteristics, mineral associations, and grain
size distributions. Recent research, such as Vinnett et al. [19], highlights the importance
of explicitly incorporating MOC classifications into kinetic models to enhance predictive
accuracy. Previous studies have utilized SEM and Microsoft spreadsheets using Visual
Basic Macros (VBMs) to classify each PGM bearing particle into one of the six predefined
MOCs, as demonstrated in Table 1 [22,23].
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Table 1. Liberation categories based on MOC.

Mode of Occurrence

Liberation Categories Liberation Characteristics Mode of Occurrence Images

L

SL

AG

SAG

5G

1 Liberated PGMs ‘ .

2 PGMs associated with liberated
BMS (base metal sulfides) PGMs
3 PGMs attached to Silicate or Oxide
gangue particles

PGMs associated with BMS
4 attached to Silicate or Oxide
gangue particles

5 PGMs associated with BMS locked
in Silicate or Oxide gangue particles
PGMs locked within Silicate or
6 . .
Oxide gangue particles

I ;)\ B B\ s M CANGUE

The Positive Matrix Factorization (PMF) approach and machine learning techniques have
shown promise. Yet, these methods often still rely on simplified mineralogical categorizations,
not fully resolving the complexities inherent in Platreef-type mineralogical variability.

Optimization techniques, particularly Particle Swarm Optimization (PSO), hold signif-
icant promise for addressing the inherent complexities associated with flotation processes.
In this study, the PSO was employed to calibrate flotation kinetic parameters. PSO is a
population-based, metaheuristic optimization algorithm inspired by the collective social
behavior observed in bird flocks and fish schools [24]. The method uses a set of candidate
solutions called “particles” that explore the multidimensional parameter space by adjusting
their positions based on their own experience and that of neighboring particles. Through
iterative updates, PSO effectively balances exploration and exploitation to identify optimal
or near-optimal solutions, making it well-suited for complex, nonlinear problems such
as flotation kinetics parameter estimation. Its advantages include simplicity, computa-
tional efficiency, and a reduced tendency to become trapped in local minima compared to
traditional gradient-based methods.

The capability of PSO to manage nonlinear and multidimensional optimization chal-
lenges has been extensively demonstrated, notably through its application in optimizing
flotation parameters to enhance recoveries and concentrate grades [25]. Recent research
further supports this, highlighting PSO’s efficiency in predictive modeling and optimization
in flotation circuits [26-28]. Furthermore, the integration of machine learning with tradi-
tional flotation models has proven beneficial, enabling improved prediction accuracy and
deeper understanding of flotation kinetics, particularly in ores exhibiting complex miner-
alogical characteristics [29,30]. Thus, PSO has emerged as a method suitable for predict-
ing flotation kinetics, offering significant operational advantages for processing intricate
mineralogical compositions.

Integrating flotation kinetics into the early stages of plant design is crucial for opti-
mizing the flotation process and ensuring efficient mineral recovery and the scale-up of
laboratory results to full-scale plant operation. Flotation kinetics, which describes the rate at
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which particles are recovered in the flotation process, is influenced by various factors such
as particle size, bubble—particle interactions, liberation, and the hydrodynamic conditions
within the flotation cell. By incorporating these kinetics into the design phase, engineers
can make informed decisions about the configuration and operation of flotation circuits,
ultimately enhancing the plant’s performance and economic viability.

Moreover, insights from studies such as those by Dunne et al. [31,32] and Ramlall
et al. [33] demonstrate the necessity of tailoring flotation circuit designs to each orebody’s
specific mineralogical and metallurgical characteristics. They also demonstrate that no
one-size-fits-all approach exists for flotation plant design, especially when processing
complex ore bodies. While substantial progress has been made, a notable gap remains in
the literature regarding the dynamic interplay between mineralogical variability, flotation
kinetics, and real-time operational parameters. Existing studies often fall short in simulating
the complex effects of mineralogy, particularly MOC and liberation class, on flotation
kinetics under variable plant conditions.

Given these gaps and challenges, this study seeks to comprehensively understand
how detailed mineralogical characteristics influence flotation kinetics in complex PGM
orebodies. By integrating precise mineralogical data into the modified Kelsall kinetic model
and employing PSO for optimization, the research intends to significantly enhance the
prediction accuracy and optimization efficiency of flotation processes for Platreef ores.

This study aims to do the following:

e  Assess the challenges posed by mineralogical variability in PGM flotation;

e  Evaluate the influence of mineralogical attributes on the flotation performance of
PGM metals;

e Integrating mineralogical attributes into the flotation kinetics model;

e  Predict the kinetics indices of PGM metals using the Modified Kelsall model.

2. Materials and Methods

This study specifically investigates two lithologies from the Akanani Platreef deposit
due to their distinct mineralogical compositions—Pegmatoidal Feldspathic Pyroxenite
(P-FPX) characterized by high-grade PGM content and feldspathic pyroxenite (FPX), which
exhibits lower PGM concentrations. These rock types were subjected to rigorous geometal-
lurgical characterization, including batch flotation testing, particle liberation assessment
through MLA, and modal mineralogy evaluation.

2.1. Identifying Variability in Mineralogy

Mineralogical variability in PGM ores was assessed by sampling eight geometal-
lurgical units from two lithologies, i.e., P-FPX and FPX, and characterizing them using
automated mineralogy techniques (MLA and QEMSCAN). Key attributes such as PGM
types (e.g., sperrylite, Pt-Fe alloy, tellurides), base metal sulfides (chalcopyrite, pentlandite,
pyrrhotite), gangue minerals (silicates, oxides, chromite), and grain size distribution were
analyzed. The MOC classification categorized PGMs into six classes, ranging from liberated
to locked in gangue. Backscattered Electron (BSE) imaging and Energy-Dispersive X-Ray
Spectroscopy (EDS) were used to confirm associations. X-Ray Diffraction (XRD) analysis
complemented this by identifying major gangue phases and rock types based on mineral
ratios. Grain size distribution was further evaluated using SEM/MLA data, revealing that
finer PGMs were harder to recover, with textural relationships, such as PGM inclusions,
boundary occurrences, or gangue interlocking, impacting flotation performance. This
integrated analysis helped highlight significant mineralogical differences across lithologies
that influence flotation recovery. The details of the mineralogy equipment are presented in
Table 2.
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Table 2. Mineralogy Equipment.
Equipment Model Manufacturer Key Operating Parameters Company Location
MLA (Mineral FEI Company (now Thermo 20 kV beam, 10 um resolution, .
Liberation Analyzer) Fisher Scientific) iMeasure/iDiscover software Hillsboro, OR, USA
FEI Company (now Thermo 20 kV beam, 10 pm resolution, .
QEMSCAN QEMSCAN Fisher Scientific) 4 x Bruker EDS detectors Hillsboro, OR, USA
. Oberkochen,
SEM EVO 50 ZEISS 02-30kV, high vacuum mode, Baden-Wiirttemberg,
magnification up to 1,000,000 x G
ermany
, . 5 Almelo, Overijssel,
XRD X'Pert PRO PANalytical 40 kV, 30 mA, 10-60° 26 scan range The Netherlands
Billerica, MA, USA
BSE and EDS Integrated ZEISS (SEM)/ 20-30 kV beam, Bruker XFlash EDS (Bruker)/Oberkochen,
(attached to SEM) Bruker (EDS) G
ermany (ZEISS)
Polishing Machine TegraPol-21 Struers 250 mm d}sc, 50-500 rpm speed, Ballerup, Copenhagen,
automatic/manual operation Denmark
Grinding Discs 250 mm Discs Struers Various gr.it sizes. (e..g., 120-600), for Ballerup, Copenhagen,
use with polishing systems Denmark
Seve Cle.amng UMC 20 Not specified Ultrasonic cleaning of test sieves N/A (Mangf.acturer
Machine not specified)
2.2. Assessing the Influence of Geometallurgical Attributes on the Flotation Performance of PGM
The flotation performance of PGMs was evaluated using the Mill-Float-1 (MF1) circuit,
where ore from P-FPX and FPX lithologies was milled to 80% passing 75 um and subjected
to batch rougher flotation tests at timed intervals (1, 3, 7, and 20 min). The process
aimed to optimize PGM recovery by ensuring sufficient liberation during milling while
preventing overgrinding. Table 3 shows the reagents, including SIBX (collector), Sendep 30E
(depressant), and Senfroth 522 (frother), that were used to enhance flotation selectivity and
stability. These reagents were selected based on prior plant practice and laboratory flotation
test optimization for Platreef-type PGM ores. SIBX, a xanthate-based collector, effectively
targets sulfide minerals and has demonstrated strong selectivity for PGM-bearing sulfides
in previous studies [4,34]. Sendep 30E, a depressant, was applied at 300 g/t to suppress
the flotation of gangue silicates such as feldspar and amphibole, which are abundant
in the tested lithologies. Senfroth 522, a frother, was dosed at 80 g/t to promote stable
bubble formation and optimize froth phase recovery. These dosages represent a balance
between flotation performance and reagent consumption efficiency, established through
preliminary bench-scale tests and consistent with industry practice in similar PGM flotation
circuits [5,35].
Table 3. Reagent supplier.
. - Conditioning .
Reagent Dosage Function Order of Addition Time Supplier
SIBX 120 g/t Collector (xanthate) 1st 2-3 min Senmin/Orica
Sendep30E 300 g/t Depressant (carboxymethyl 2nd 2.3 min Senmin
cellulose or equivalent polymer)
Senfroth 522 80g/t Frother (alcohol-based or 3rd . ! mn Senmin
polyglycol ether blend) (light agitation)

All flotation tests were conducted under controlled pH conditions to ensure reproducibil-
ity and consistent flotation performance. The pH was maintained at 9.0 & 0.2 throughout
the experiments, as this range is known to optimize collector adsorption and maximize
PGM recovery in similar ore systems [5,36,37]. The pH adjustment was achieved using
dilute sodium hydroxide (NaOH) or sulfuric acid (H2SOj) solutions as required. This
approach ensured stable flotation conditions and allowed the effects of mineralogy and
reagent dosage on kinetics to be isolated.
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All flotation tests were performed under constant rougher flotation conditions to
isolate the effect of mineralogical variables. Reagent dosages, SIBX (120 g/t), Sendep 30E
(300 g/t), and Senfroth 522 (80 g/t) were determined based on extensive internal screening
tests and previous studies on Platreef-type ores [5]. These dosages were found to optimize
sulfide recovery while maintaining froth stability and minimizing entrainment of gangue.

The flotation setup included a Denver D12 flotation cell, and performance was ana-
lyzed through recovery rates, concentrate grades, and kinetic responses of mineral fractions.
Samples were further embedded and polished for SEM analysis to assess mineral asso-
ciations post-flotation. Kinetic modeling using the modified Kelsall model was applied
to estimate fast and slow flotation rate constants (K and K;), allowing for a better under-
standing of how mineralogical features such as liberation and lithology affect flotation
behavior and recovery efficiency. The Milling—Return Feed-Flotation process, shown in
Figure 1, describes the step-by-step comminution and flotation strategy used to optimize
the recovery of PGMs from different ore lithologies (P-FPX and FPX).

120g/t SIBX
300g/t Sendep 30E
80g/t Senfroth 522

00000000
00000000 L J

LUOOOOOD \/% Concentrates 1,3,7,
00000000

00000000 20 minutes
00000000

80% -75um l

Tails

Feed N

AL T

Figure 1. Flotation test work MF1.

All flotation tests were conducted using tap water representative of the local laboratory
supply. While this choice reflects realistic process water conditions, it is important to note
that water quality parameters such as hardness, pH, and dissolved ion concentrations were
not explicitly controlled or measured during the test work. Given that water chemistry
can influence flotation performance by altering reagent speciation and mineral surface
interactions [38—40], this contributes to some degree of variability in the observed flotation
behavior and kinetic responses.

2.3. Integrating Mineralogy into the Modified Flotation Kinetic Model

For this study, the modified Kelsall model was adapted by integrating mineralogy
in terms of Modes of Occurrence (MOC). Presented in Equation (7), this model predicts
the kinetic performance of Platinum Group Metals (PGMs) by incorporating both fast-
and slow-floating components to account for varying flotation behaviors. It differentiates
between fast-floating (Ky) and slow-floating (K;) components, as well as the fraction of slow-
floating components (¢). This dual-rate system provides a more accurate representation of
flotation kinetics for platinum (Pt), palladium (Pd), and gold (Au). The model was applied
to P-FPX and FPX lithologies to analyze their flotation response using the modified Kelsall
model developed for this study and implemented in SigmaPlot 15 and MATLAB R2025a.
Mineralogy at the level of liberation classes was integrated into the modified Kelsall model.
Table 4 describes this equation’s indices, notations and associated assumptions.

Max R [0, Y {60 = 0) x (1= T00) 40, 5 (1- )] )



Minerals 2025, 15, 701

9 of 28

Table 4. Modified Kelsall model notations and descriptions.

Category Notation Description
5=(1 5) Set of all liberation characteristics in terms of fractional liberation category in the Mode of
I Occurrence per lithology
0= 0) Set of all fractions of slow-floating components with the slow rate constant per lithology per
S T liberation category
ets
kf =(1,..., kf) A set of all fast flow rate constants
ks=(1, ..., ks) A set of all slow flow rate constants
on=(1,...,6n) A set of all predefined Mode of Occurrence classes
A general parameter f can take a maximum of three indices in the format of f/ . Where:
0o=(1,...,0) An index for all rock types of the mineral deposit
Indices I=(1,...,L) An index for all lithologies in each rock type, o, of the mineral deposit
n=(1,...,N) An index for all Modes of Occurrence in each lithology, I
t={(t...,T) An index for flotation residence time
i=(1,...,1) An index for rock types
t Nominal flotation residence time
k f; A rate constant for fast-floating component per lithology, /
ks) Rate constant for slow-floating component per lithology, !
0! A slow-floating fraction per lithology,
kfi Rate constant for fast-floating component per lithology, /, per liberation category, n
ksh A rate constant for slow-floating component per lithology, /, per liberation category, n
o A slow-floating fraction per lithology, I, per liberation category, n
T+ Lower bound on rate constant for fast-floating component per lithology per
Parameters Ib liberation category
kf Upper bound on rate constant for fast-floating component per lithology per
Tub liberation category
ks Lower bound on rate constant for slow-floating component per lithology per
Ib liberation category
Tks Upper bound on rate constant for slow-floating component per lithology per
ub liberation category
Tleb Lower bound on slow-floating fraction per lithology per liberation category
TSb Upper bound on slow-floating component per lithology per liberation category
0; Rock type
On Mode of Occurrence classes

The constraints of the modified Kelsall model incorporating mineralogy are given

in Equations (8)—(12). Equations (8) and (9) represent the fast and slow flotation rate

constraints, as explained above, and Equation (10) represents the slow-floating fraction

constraints. Equation (11) represents the fast-slow flotation interaction constraints, and

Equation (12) represents the non-negativity constraints.

k k
Ty <kt <TJ Ve {l,..,L}vte{t. T}

T <k, <THS VWl e {l,..L},Vte{t.. T}

T <6, <TS Vle{l..,L},Vte{t. . T}
ksjy—kp, <0 VIe{l... L}, Vt € {t...,T}
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kf;n, ksj 6], >0 (12)

The determination of the recovery, R, is a function of the liberation characteristics, the
liberation category in the Mode of Occurrence, and the type of lithology in the mineral
deposit. Table 4 describes the notations for the set of constraints, indices, parameters, and
decision variables in the model framework.

2.4. The Particle Swarm Optimization (PSO) Algorithm to Optimize the Flotation Kinetics of
PGM Minerals

Statistical and computational analysis was executed using multivariate statistical
analysis and the PSO algorithm. The details of the PSO algorithm’s application in min-
eral processing have been detailed elsewhere (Kabemba et al. [20], He et al. [21], and
Zhang et al. [41]). The PSO was used to optimize flotation parameters by linking mineral-
ogy to kinetic models and evaluating how different lithologies affect model predictions, as
shown in Equation (13).

R = Reo[(100 = 6)) x (1 — e 4r70)) 10 x (1 — (kD) (13)

where
Re = Ultimate recovery [%]
R = Fraction recovery
0; = Fraction of floating components with the slow rate constant

k¢ = Rate constant for fast-floating component min~!

ks = Rate constant for slow-floating component min~!

100 — 6; = Fraction

3. Results
3.1. Variability in Mineralogy

Table 5 presents the PGM mineralogy (wt.%) across eight rock samples from
two lithologies, revealing distinct compositional trends. P-FPX samples, particularly PFPX1
and PFPX3, are enriched in PtBiTe and PdBiTe, with PFPX3 uniquely containing high PdBi
(12.99%) and no detectable gold, while PFPX2 shows notable PdSb (18.28%) and PtAs
(2.93%) content. PFPX1 also has the highest gold concentration (10.45%) and significant
PtFe (18.97%). On the other hand, FPX samples, especially FPX1 and FPX3, exhibit consis-
tently high PtBiTe (over 60%) and moderate PdBiTe, with FPX3 also containing high PtAs
and gold. FPX2 is characterized by high PdBiTe (31.29%) and no gold, whereas FPX4 shows
a balanced distribution of gold (3.54%), PtBiTe (40.75%), and PdBiTe (30.81%). Overall,
P-FPX samples display greater mineralogical variability, while FPX samples are dominated
by telluride-type PGMs, particularly PtBiTe, suggesting higher flotation potential under
telluride-targeted processing conditions.

Table 6 presents the BMS mineralogy (wt.%) across P-FPX and FPX rock types, high-
lighting the distribution of three key sulfide minerals: pentlandite, chalcopyrite, and
pyrrhotite. In the P-FPX lithology, BMS compositions are relatively balanced. Pentlandite
content ranges from 20.47% in PFPX3 to 35.71% in PFPX2, while chalcopyrite varies mod-
erately between 17.29% and 19.51%. Pyrrhotite is dominant but less pronounced than in
FPX samples, ranging from 45.14% (PFPX2) to 59.84% (PFPX3). Conversely, FPX samples
are clearly dominated by pyrrhotite, which consistently exceeds 54%, peaking at 69.98%
in FPX3. Pentlandite and chalcopyrite are present in lower but still significant amounts,
with pentlandite ranging from 18.23% to 26.22%, and chalcopyrite from 10.34% to 18.67%.
These results indicate that FPX lithologies are pyrrhotite-rich, whereas P-FPX samples have
a more balanced BMS.
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Table 5. PGM mineralogy of different rock types (wt.%).
Mineral Rock Type
P-FPX FPX
PFPX1  PFPX2  PFPX3  PFPX4 FPX1 FPX2 FPX3 FPX4
Gold 10.45 1.8 0 7.45 5.19 0.89 2.78 3.54
PtS 2.92 0.2 0 1.07 0 2.04 0.88 13.49
PtAs 0.87 2.93 3.78 19.54 10.6 0 9.98 6.6
PdBi 0 0 12.99 0.16 6.23 4.88 2.52 0.08
PtBiTe 23.15 15.33 17.1 13 62.11 50.43 60.91 40.75
PdBiTe 35.69 35.05 60.2 31.02 9.56 31.29 10.9 30.81
PtPdBiTe 6.23 0.34 0 1.55 6.31 5.13 0.89 2.89
PdSb 0 18.28 0 18.62 0 0 0 0
PtFe 18.97 16.12 0 1.87 0 0 3.44 0.59
Other
Total 98.28 90.05 94.07 94.28 100 94.66 92.3 98.75

Table 6. BMS mineralogy of different rock types (wt%).

Mineral Rock Types

P-FPX FPX
PFPX1 PFPX2 PFPX3 PFPX4 FPX1 FPX2 FPX3 FPX4

Pentlandite 24.85 35.71 20.47 32.25 20.24 25.37 18.23 26.22
Chalcopyrite ~ 17.97 17.29 19.51 18.12 18.67 16.09 10.34 17.44
Pyrrhotite 56.74 45.14 59.84 49.16 60.32 57.48 69.98 54.88

Total 99.56 98.14 99.82 99.53 99.23 98.94 98.55 98.54

Table 7 presents the gangue mineralogy (wt.%) of different rock types from the P-FPX
and FPX lithologies, highlighting significant variation in mineral composition. Orthopyrox-
ene is the most abundant gangue mineral across all samples, with the highest concentrations
found in FPX1 (66.39%) and consistently high values across FPX samples (31.02% to 66.39%).
P-FPX samples also contain substantial orthopyroxene, ranging from 17.36% in PFPX3 to
34.58% in PFPX4. Feldspar content is markedly higher in FPX2 (23.34%) and FPX3 (37.96%)
compared to P-FPX samples, where it ranges between 9.66% and 17.61%. Clinopyroxene
is present in both lithologies in moderate amounts (11.75% to 23.5%), while alteration
minerals such as serpentine, chlorite, and amphibole are more prominent in P-FPX samples.
For example, serpentine reaches 19.15% in PFPX3, and amphibole peaks at 12.5% in PFPX4,
indicating higher alteration levels in P-FPX rocks. In contrast, FPX samples generally show
lower concentrations of these alteration minerals. These differences in gangue mineralogy
suggest that FPX rocks are compositionally simpler and less altered. In contrast, P-FPX
rocks have more complex and altered gangue assemblages, potentially impacting flotation
performance through increased gangue.

Table 8 and Figure 2 show that the samples essentially comprise orthopyroxene (approxi-
mately 40 to 90% by mass) and/or plagioclase (up to ~20%), which are gangue minerals. Trace
(<5%) to minor amounts (5 to 20%) of clinopyroxene are normally present, whereas talc and am-
phibole may be prominent (10 to 20%) in some samples, e.g., 1, 2, and 6. Other XRD-detectable
minerals that are present in trace amounts include mica (biotite), chlorite, and secondary
calcite in the form of cross-cutting veins. Grains of chromite [(Mg, Fe?*) (Cr, Al, Fe**),04]
occur sporadically. According to the mineralogical composition (pyroxene-to-plagioclase
ratio), the rock types may basically be termed medium-to-coarse-grained orthopyroxenites
(Samples 1, 3, and 4) or melanorites (Samples 2, 5, and 6). Samples 3, 4, and 5 appear relatively
“fresh” or unaltered, whereas Samples 1 and 2 are slightly altered. Sample 6 is comparatively
more altered than Samples 1 and 2. Thus, XRD analysis confirmed that the samples con-
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sist mainly of orthopyroxene and plagioclase, with trace amounts of talc, amphibole, and
alteration minerals, with Sample 6 being the most altered.

Table 7. Gangue mineralogy of different rock types (wt%).

Mineral Rock Types
P-FPX FPX
PFPX1 PFPX2 PFPX3 PFPX4 FPX1 FPX2 FPX3 FPX4
Feldspar 17.61 10.28 10.03 9.66 11.74 23.34 37.96 11.22

Clinopyroxene 11.75 17.38 17.20 19.15 13.50 17.73 16.53  23.50
Orthopyroxene 33.85 21.38 17.36 34.58 66.39 3982  31.02 4290

Olivine 10.13 9.19 441 294 0.48 1.57 0.22 0.39
Serpentine 7.34 13.96 19.15 4.23 0.02 0.96 0.36 1.60
Chlorite 4.62 7.62 8.78 9.51 2.13 1.14 1.14 4.99
Amphibole 5.62 5.81 9.80 12.50 413 9.21 8.03 9.76
Total 90.92 85.62 86.73 9257 9839 9377 9526  94.36

Table 8. XRD analysis and chemical formulae of mineral phases.

Relative Abundance

Mineral Chemical
1 2 3 4 5 6
Orthopyroxene (MgFe?*),Si,0, Pred Pred Pred Pred Pred Maj
(e.g., bronzite) gre™ 29120 )
Plagioclase N o . . . . .
(e.g., labradorite) (Na, Ca) Al (Al, Si) Sip40g Min Min Min ND Min Min
Clinopyroxene 24\ @ . . .
(e.g., diopside) Ca (Mg, Fe<") SiyOq Tr Tr Tr Min Min Min
Mica (e.g. biotite) K (Mg, Fe)s(AL Fe3*) Si3049(OH, F), Tr Tr Tr Tr Tr ND
Amphibole oy . . . .
(e.g., hornblende) Cap(Mg, Fe“")4Al (Si7AI) O (0OH, F), Min Min Tr Tr Tr Min
Calcite CaCOs3 Tr Tr Tr Tr Tr Tr
Talc Mg3SigO19(OH); Min Min Tr Tr Tr Min
Chlorite (Mg, Fe?)5Al (SizAl) O19(OH)g Tr Tr Tr ND Tr Tr
Pred = Predominant (>50 Mass%); Maj = Major (20-50%); Min = Minor (5-20%); Tr = Trace (<5%); ND = Not
detected by XRD).
. E i H =B = |
0.8 T—= L — [ocalcite
§ — — O Talc
g 0.6 +— — m Mica
E T ®m Amphibole
£
: | O Chlorite
2 0.4 — || |@ Plagioclase
é @ Clinopyroxene
0.2 +— |— |O Orthopyroxene
0.0 T T T T .
1 2 3 4 5 6

Sample Number

Figure 2. Statistical analysis results of geometallurgical attributes.

Table 9 presents the PGM MOC data, showing that FPX had a higher proportion
of liberated PGMs (L class), while P-FPX had more PGMs locked in gangue or BMS
(5G and G classes), affecting flotation potential. Grain size analysis indicated that PGM
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grains associated with BMS were larger (~11 pm) than those locked in gangue (~9 pum)
or along grain boundaries (~6 um). PFPX samples generally had more coarse-grained
PGMs compared to FPX. Micrographs (Figure 3) illustrate that PGMs occurred in various
associations, locked in gangue, associated with BMS, or along silicate grain boundaries,
while BMS minerals (Figure 4), especially larger grains, were predominantly located along
silicate grain edges, enhancing liberation potential during milling. The total percentage
of grains over 3 um is consistently high across all samples, ranging from 86.1% to 96.5%,
suggesting a coarse granular structure common to both rock types.

Table 9. PGM MOC in the PFPX and FPX (vol %).

Mode of

Occurrence Rock Types
PFPX FPX

PFPX1 PFPX2 PFPX3 PFPX4 FPX1 FPX2 FPX3 FPX4

L 58.83 47.54 38.64 78.8 88.59 61.17 61.2 36.32

SL 2.25 24.94 2.29 3.28 2.03 5.64 15.1 19.22

AG 24.48 4.77 32.68 7.94 0 5.04 1.81 20.37
SAG 12.68 21.2 19.88 6.93 7.61 10.03 18.9 14.18
SG 0 0 0 0 0 15.28 0 0.33

G 1.76 1.56 6.51 3.04 1.76 2.83 3.04 9.57
Total 100 100 100 99.99 99.99 99.99 100 99.99

P

»

" Pt-8i-Te

Figure 3. Electron-micrographs of PGM grains.

The observed PGM grains shown in Table 10 were classified according to their Mode
of Occurrence into three groups: associated with grains of BMS, occurring between silicate-
silicate grain edges, i.e., along grain boundaries and locked in gangue. Approximately 50%
of the PGM grains found in the samples are associated with sulfides, whereas the other half
are locked in silicate gangue. A small amount of the PGMs (<2%) occurred along silicate
grain boundaries. Figure 3 shows numerous PGM grains of Pd-Bi-Te locked in gangue (sil)
(Figure 3A). Figure 3B shows a PGM composite comprising hollingworthite (Rh-As-S) and
Pd-Bi-Te associated with pentlandite (pn) containing a grain of altaite (Pb-Te). Figure 3C
shows a Pt-Bi-Te grain locked in silicate with similar grains attached to chalcopyrite (cp)
occurring along a silicate grain boundary (Figure 3D).
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Figure 4. Optical micrographs of BMS minerals.

Table 10. Grain size distribution for the lithologies.

Grain Size
Rock T/
(um) ock Types
PFPX FPX
PFPX1 PFPX2 PFPX3 PFPX4 FPX1 FPX2 FPX3 FPX4
>3 11.8 4.3 139 6.4 3.7 3.5 3.7 9.9
6-9 37 16.6 349 32.2 36.1 23.6 9.8 224
9-10 24.1 314 36.7 17.1 17.2 28.5 9.9 38.4
10-12 27 30.1 14.5 219 15.3 5.7 21.2 15.2
12-15 - 17.6 - 6.9 27.7 8.7 26.5 14
15-18 - - - - - 12.2 7.9 -
18-21 - - - 154 - 17.8 8.3 -
21-24 - - 12.6 -
Total 100 100 100 100 100 100 100 100
Over 3 (um) 88.1 95.7 86.1 93.5 96.3 96.5 96.2 90

BMS grains form an estimated 8 to 12% (by volume) of the core sections examined. The
main sulfide types are chalcopyrite, pentlandite, and pyrrhotite, which are present as small
monomineralic grains less than 100 um in size or as much larger composite aggregates up
to 10 mm in length or more, with an average possibly in the region of 200 to 300 um. These
composites comprise pentlandite, pyrrhotite, and/or chalcopyrite, which can be the main
sulfide type in the aggregate.

Pyrite, sphalerite, galena, and altaite are some of the accessory BMS types. The sulfides
appear normal and unaltered, apart from a little violarite replacing the pentlandite at its
grain edges. The smaller BMS grains are principally locked in gangue grains. These sulfide
grains are mostly chalcopyrite with sizes < 100 um, although a size of 450 um for a locked
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BMS composite was measured. Small sulfide grains will most likely not be recovered
during flotation because of their tendency to be locked in gangue, apart from entrainment.
The larger BMS grains and aggregates are, however, often found along the silicate
grain edges, making them amenable to liberation during comminution and subsequent
recovery by flotation. It is estimated that the proportion of BMS grains that occur along
silicate grain boundaries in the sections examined is more than 95% by volume. Note that
monomineralic pyrrhotite may possibly be lost during flotation because of its slow-floating
nature. Although not abundant, the secondary sulfide violarite may also hamper the
recovery of pentlandite, since violarite usually replaces the pentlandite from the outside
inwards. Consequently, the violarite “coating” might influence the flotation of pentlandite.
Any PGM grains associated with the sulfides ought to be recovered with relative ease.

The current investigation found a variety of sulfide composites, as shown in the optical
micrographs in Figure 4. Composites of pentlandite (pn), pyrrhotite (po), and chalcopyrite
(cp) formed along silicate (sil) grain boundaries can be seen in Figure 4A,B. Figure 4C
shows a pyrrhotite and pentlandite aggregate with amphibole needles. Figure 4D shows
chalcopyrite grains embedded in gangue (sil), with a tiny PGM grain visible. Figure 4E
shows chalcopyrite between silicate grains, whereas Figure 4F reveals a chromite (cr) grain
and several BMS composites embedded in the gangue.

The mineral association of the gangue minerals is shown in the optical micrographs in
Figure 5. Orthopyroxene (OPX) and plagioclase (plag) constitute the fundamental makeup
of the pyroxenites and melanorites in the core samples, as illustrated in Figure 5A,B. A
clinopyroxene (CPX) grain is observable as examined under plane-polarized light (Figure 5A)
and crossed polarizers (Figure 5B). Figure 5C,D resemble Figure 5A,B but exhibit apparent
interstitial sulfide composite (BMS). Figure 5E illustrates orthopyroxene and plagioclase in
a segment viewed under crossed polarizers, while Figure 5F exhibits amphibole (amps),
clinopyroxene, and plagioclase in the segment observed under crossed polarizers.

Figure 5. Optical micrographs of gangue minerals.
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3.2. The Influence of Mineralogical Attributes on the Flotation Performance of PGM Metals

Table 11 shows the recovery for P-FPX and FPX lithologies. As can be seen, the
recovery generally increases with longer flotation times across all process variants. The FPX
process variants show higher recovery than PFPX variants at most time points, suggesting
a more efficient recovery process. By 20 min, most processes achieve significantly high
recovery rates, with FPX4 showing the highest at 90.35%. There is notable variability in
recovery values between different processes at the same time points, indicating that some
processes are more effective than others for PGM recovery.

Table 11. PGM recovery (%) of rock types (Conditions: SIBX 120 g/t, Sendep 30E 300 g/t, Senfroth
522 80 g/t, 80%—75 um).

Flotation . o
Time (min) Cumulative Recovery (%)
P-FPX FPX

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

1 53.42 45.41 48.38 49.64 62.56 59.84 6191 38.44

3 75.78 65.61 67.55 68.77 76.33 76.05 79.41 71.44

7 87.73 80.30 76.52 80.31 83.11 82.72 84.17 84.89

20 94.37 87.90 83.25 88.31 88.93 88.40 86.55 90.35

The results show that the concentrate grades generally decrease over time in both the
P-FPX and FPX categories, as shown in Table 12. The highest grade recorded is 116.50 g/t
in the FPX3 category at 1 min.

Table 12. Concentrate grade (g/t of PGM) of rock types (Conditions: SIBX 120 g/t, Sendep 30E
300 g/t, Senfroth 522 80 g/t, 80%—75 um).

Flotation

Time (min) P-FPX FPX
P-FPX1 P-FPX2 P-FPX3 P-FPX4 FPX1 FPX2 FPX3 FPX4
1 39.80 17.00 20.17 41.30 37.30 60.60 116.50 59.00
3 28.73 11.53 13.99 25.69 21.60 38.66 80.83 42.21
7 22.21 7.99 10.52 15.82 14.12 26.10 60.12 28.15
20 14.51 5.71 7.97 11.03 6.98 16.13 43.90 18.78

Higher head grades generally correlate with higher recovery percentages, particularly
noticeable in rock types PFPX1 and FPX4, as shown in Table 13. PFPX1 shows the highest
recovery for Au at 94.37% and a high combined concentrate grade of 14.51 g/t. FPX4,
despite having a lower head grade for Au compared to PFPX1, shows a significant recovery
rate of 90.35% and the highest combined concentrate grade of 18.78 g/t. The efficiency
of metal recovery varies significantly across rock types, suggesting that the mineralogical
characteristics of each rock type could influence the recovery process. This lithological
variability is further visualized in Figures 6 and 7, which graphically depict the differences
in recovery and grade trends, reinforcing the influence of mineralogical heterogeneity on
flotation performance.
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Table 13. Rock type, head grade, mass pull, and combined recovery.
Combined
?ock Head Grade lellla ?f/ ) Re?((;v)ery Concentrate
ype ? ? Grade (g/t)
3PGM + Au Cu Ni S
PFPX1 3 0.12 0.29 0.83 19.53 94.37 14.51
PFPX2 1.16 0.059 0.12 0.19 16.03 87.90 5.71
PFPX3 14 0.11 0.18 0.6 13.49 83.25 7.97
PFPX4 4.01 0.14 0.27 0.61 29.48 88.31 11.03
FPX1 1.49 0.05 0.11 0.19 12.14 88.93 6.98
FPX2 415 0.19 0.37 1.14 8.94 88.40 16.13
FPX3 2.67 0.15 0.26 1.21 12.25 86.55 43.9
FPX4 2.54 0.11 0.24 0.35 14.19 90.35 18.78
NB: 3PGM + Au refers to platinum, palladium, rhodium, and gold.
100
o.__ --@--P-FPXI
0 * e, rotieses P-FPX2
e N
A N - A= P-
~ %1 . A- P-FPX3
S A —&— P-FPX4
z\ . N\ .
o 70 1 ’." \
159 +
O \
60 - N
50 A '.'._ .x
*
40 T T T T
0 10 20 30 40 50

Concentrate grade (g/t)

Figure 6. Cumulative recovery versus cumulative concentrate grade for P-FPX samples (Conditions:
SIBX 120 g/t, Sendep 30E 300 g/t, Senfroth 522 80 g/t, 80%—75 um).
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Figure 7. Cumulative recovery versus cumulative concentrate grade for FPX samples (Conditions:
SIBX 120 g/t, Sendep 30E 300 g/t, Senfroth 522 80 g/t, 80%—75 um).

Table 14 shows the floatability index of all rock types. PFPX1, PFPX3, and FPX1 show
notably high floatability indices, suggesting they are more amenable to flotation processes.
Particle size analysis shows that all rock types have more than 85% of their particles above
3 um, with FPX1 having the highest at 96.3%.
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Table 14. Derived laboratory floatability index.
Rock Liberation Par.tlcle Kelsall
Types Mode of Occurrence Index Size, Floatability Index
yp % (>3 pm) ¥
L+SL AG+SAG SG+G
PFPX1 61.08 37.16 1.76 0.982 88.1 Medium-Floating
PFPX2 72.48 25.97 1.56 0.984 95.7 Slow-Floating
PFPX3 40.93 52.56 6.51 0.935 86.1 Medium-Floating
PFPX4 82.08 14.87 3.04 0.970 93.5 Fast-Floating
FPX1 90.62 7.61 1.76 0.982 96.3 Fast-Floating
FPX2 66.81 15.07 18.11 0.819 96.5 Slow-Floating
FPX3 76.29 20.67 3.04 0.970 96.2 Slow—Floating
FPX4 55.54 34.55 9.9 0.901 90.0 Medium-Floating

P-FPX1 shows a generally decreasing trend in recovery as concentrate grade increases.
P-FPX2 and P-FPX3 exhibit a steep decline in recovery after a certain grade threshold,
suggesting a limit to efficient recovery at higher grades. P-FPX4 maintains a more stable
recovery rate across varying grades, indicating a potentially more robust or differently
optimized process. FPX1 exhibits the highest recovery at lower concentrate grades, indi-
cating a more efficient initial recovery process. As the concentrate grade increases, the
recovery for all FPX variants decreases. FPX4 demonstrates the steepest decline in recovery
with increasing grade, suggesting less efficiency at higher concentrate grades compared to
other variants.

3.3. Linking Mineralogy to the Flotation Kinetic Parameters Using the Modified Kelsall Model

Table 15 presents comprehensive flotation kinetics parameters for various rock types
within the P-FPX lithology. P-FPX1 is predominantly classified within the L category
(58.83%) within the MOC, with notable occurrences also in the AG (24.48%) and SAG
(12.68%) categories. P-FPX2 is primarily located in the L category (47.54%), supplemented
by significant occurrences in the SL (24.94%) and SAG (21.20%) categories. P-FPX3 is mainly
classified in the L category (38.64%), with prominent occurrences in the AG (32.68%) and
SAG (19.88%) categories. P-FPX4 predominantly occurs in the L category (78.80%), with
relevant occurrences in the SL (3.28%) and AG (7.94%) categories. P-FPX1 exhibits the
highest Ky in the SL category (5.0900), P-FPX2 in the L category (2.4315), and P-FPX3 in the
G category (18.0892); this is an anomaly since this class is locked ore with gangue attached
to it, and P-FPX4 in the SL category (4.8428).

In the slow-floating fraction (Ks), P-FPX1, P-FPX2, P-FPX3, and P-FPX4 consistently
demonstrate lower values, save for anomalies in select categories. The slow-floating
component (f) has predominantly stable values across P-FPX1, P-FPX2, P-FPX3, and
P-FPX4, apart from exceptions in specific categories. P-FPX1 exhibits high flotation kinetic
constants in the SL category, suggesting a high flotation efficiency level. P-FPX2 possesses
the highest flotation kinetic rate constant in the L category, indicating its efficient flotation
characteristics within this liberated classification. P-FPX3 is observed to have the highest
flotation kinetic rate constant in the G category, reflecting the swift ascent of this particular
rock type among the P-FPX variants. P-FPX4 demonstrates significant flotation kinetics in
the SL category, distinguishing itself from the other P-FPX types.

P-FPX1 shows a higher K value in SL mode (1.4871) compared to other modes, indi-
cating faster flotation kinetics in this configuration. P-FPX4 in SAG mode has the highest
slow-floating fraction (19.3940), suggesting a slower flotation response. Higher flotation
kinetic rate constant values generally correlate with lower slow flotation fractions, indi-
cating more efficient flotation processes. The flotation kinetic rate constants Kr and K
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vary significantly across different modes of occurrences and rock types, impacting the
flotation efficiency. The negative values of K; in some entries (e.g., —0.2691 for AG in
P-FPX1) might indicate adverse conditions or inefficiencies in the flotation process for those
specific occurrences.

Table 15. Flotation kinetics parameters of P-FPX rock types.

Rock Mode of Mode of Flotation Kinetic Rate Constant Slow Flotation
: oc ode o ode o (min—1) Fraction
Lithology Type Occurrence Classes Occurrences (%)
K¢ K 0
L 58.83 1.4871 0.0927 0.2922
SL 2.25 5.0900 0.0711 0.3713
SG 0.00 1.0484 0.0467 0.7800
P-FPX1
AG 24.48 0.1971 —0.2691 0.1754
SAG 12.68 0.2169 —0.2281 —0.2741
G 1.76 0.1417 —0.2512 —0.0720
L 47.54 2.4315 0.0056 12.3985
SL 24.94 0.3535 0.0185 6.3820
SG 0.00 0.0048 0.2748 26.8896
P-FPX2
AG 4.77 0.2956 0.8681 0.0000
SAG 21.20 0.0179 0.0043 17.9415
Pegmatoidal G 1.56 0.0238 0.0000 0.0000
Feldspathic
Pyroxenite L 38.64 0.0644 0.0644 0.1055
SL 2.29 2.7490 0.2800 0.1000
SG 0.00 0.2800 0.2800 0.1000
P-FPX3
AG 32.68 2.4809 18.9750 0.7800
SAG 19.88 1.3683 1.5835 —1.0061
G 6.51 18.0892 8.6712 1.3154
L 78.80 2.3812 0.0276 4.5297
SL 3.28 4.8428 0.4229 13.2921
SG 0.00 2.6472 0.2988 12.2588
P-FPX4
AG 7.94 0.0818 0.0071 15.1591
SAG 6.93 4060.18 0.2198 12.9384
G 3.04 0.0873 0.0174 8.4100

The comprehensive flotation kinetics parameters for various rock types categorized
within the Feldspathic Pyroxenite (FPX) lithology are presented in Table 16. FPX1 is
predominantly observed in the L class, comprising 88.59%, with minor representations
in alternative classifications. FPX2 is primarily associated with the L class at 61.17%,
accompanied by substantial representations in the SG, SAG, and SL classes. FPX3 is chiefly
found in the L class at 61.15%, with notable occurrences in the SL, SAG, and AG classes.
FPX4 predominantly exists within the L class (36.32%), with significant representation in
the SL, AG, and SAG classes. The flotation kinetics constant (Kf) denotes the rate at which
particles ascend, with elevated values indicating swifter flotation rates. FPX1 possesses
the highest Kf within the L class, recorded at 1.3006; FPX2 in the L class measures 1.5488;
FPX3 in the L class reaches 1.9724; and FPX4 in the SL class registers at 0.7646. The slow
flotation fraction (Kj) signifies the proportion of particles that ascend slowly, revealing
generally low values for FPX1, FPX2, FPX3, and FPX4, with exceptions denoted in specific
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classes. Theta (0) quantifies flotation efficiency, predominantly reflecting consistent values
approximately at 0.7800 for FPX1, FPX2, FPX3, and FPX4, with anomalies noted in certain
MOC classifications.

Table 16. Flotation kinetics parameters of FPX rock types.

Rock Mode of D Flotation Kinetic Rate Constant Slow Flotation
: oc ode o ode o (min—1) Fraction
Lithology Type Occurrence Classes Occurrences (%)
K; K, 0
L 88.59 1.3006 0.0300 0.7800
SL 2.03 0.0500 0.0300 0.7800
SG 0.00 1.2885 0.0300 0.7800
FPX1
AG 0.00 1.2971 952,797.82 0.7800
SAG 7.61 0.0027 —0.2326 2.4463
G 1.76 1.2926 —0.2733 —1.0891
L 61.17 1.5488 0.2800 0.1000
SL 5.64 0.0500 0.0300 0.7800
SG 15.28 0.0838 0.0300 0.7800
FPX2
AG 5.04 0.0500 —0.1859 0.1869
SAG 10.03 0.0457 1,293,548.25 4.9039
Feldspathic G 2.83 758.07 0.0301 7.5524
Pyroxenite L 61.15 1.9724 0.2800 0.1128
SL 15.14 0.0681 0.0681 0.1028
SG 0.00 0.1244 0.1244 0.7800
FPX3
AG 1.81 0.7462 0.5462 0.1553
SAG 18.86 0.7923 0.0800 0.1493
G 3.04 30.4101 —0.1413 0.2323
L 36.32 0.7369 0.0300 0.7800
SL 19.22 0.7646 0.0300 0.7800
SG 0.33 0.2612 0.0300 0.7800
FPX4
AG 20.37 0.1891 0.0225 0.7800
SAG 14.18 9514.91 0.7689 19.6074
G 9.57 0.0049 0.8819 2.7938

3.4. Predicting the Kinetics Performance of PGM Metals Using the Modified Kelsall Model

The flotation kinetics of the different P-FPX and FPX rock types are shown in Figure 8.
All rock types show an increase in recovery percentage as time progresses, indicating a pos-
itive correlation between time and recovery. Figure 8a demonstrates that P-FPX1 achieves
the highest recovery percentage, nearing 100%. The recovery values for P-FPX2 and P-FPX4
are similar, with P-FPX2 slightly outperforming P-FPX4. P-FPX3 shows the slowest increase
in recovery, suggesting it might have different physical or chemical properties compared to
the other types. Similarly, Figure 8b indicates that all FPX rock types approach their maxi-
mum recovery within the first 10 min. FPX3 shows the quickest initial recovery, reaching
near maximum by approximately 2 min. FPX1 and FPX2 exhibit similar recovery patterns,
with FPX2 slightly leading. FPX4, while starting slower, closely matches the recovery levels
of FPX3 at approximately 6 min and surpasses all by the end of the period.
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Figure 8. Time-recovery data; (a) P-FPX rock types, (b) FPX rock type.

The fraction of flotation components and flotation rate constants, both fast and slow,
along with error values and a floatability index, are shown in Table 17. P-FPX1 has the
highest fraction of fast flotation components @f (Fast) at 0.8025. P-FPX2 and P-FPX3 show
moderate @f (Fast) values of 0.6488 and 0.7091, respectively. P-FPX4 has a slightly lower
@f(Fast) at 0.6791. For slow flotation components @s (Slow), P-FPX2 has the highest value
at 0.3512. Regarding the flotation rate constant, P-FPX1 also leads to the fast flotation rate
constant Kf (Fast) at 1.0986. The slow flotation rate constant Ks (Slow) is notably higher in
P-FPX3 at 0.0455 compared to others.

Table 17. Kinetic parameters of the P-FPX rock types.

Kinetics Parameters Rock Types

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

Fraction of Flotation

Qs (Fast) 0.8025 0.6488 0.7091 0.6791
Components
@s (Slow) 0.1975 0.3512 0.2909 0.3209
Flotation Rate Constant Ky (Fast) 1.0986 1.1352 1.1849 1.2929
Ks (Slow) 0.1000 0.0928 0.0455 0.0865
Error 14.8693 15.8468 5.2127 7.4745
Floatability Index (Lab) Slow Slow Slow Fast

Similarly, regarding the fraction of flotation components as shown in Table 18, FPX3
shows the highest @¢ (Fast) value at 0.8431. The @ (Slow) is highest in FPX4 at 0.3088.
Regarding the flotation rate constant, FPX1 has the highest K (Fast) at 1.7772, and the
lowest K (Slow) is observed in FPX3 at 0.0308. The floatability index categorizes rock types
FPX2, FPX3, and FPX4 as “Slow” and FPX1 as “Fast”.

All four models achieve a high fitness level, approaching a value of 100, indi-
cating excellent model performance. The time to reach near-maximal fitness varies
slightly among the FPX rock types, with FPX4 showing quicker stabilization. The time-
recovery data for PFPX and FPX rock types showing a sigmoidal curve fit are shown
in Figures 9a-d and 10a—d, respectively. It can be seen in Table 19 that the correlation
coefficient for all rock types was above 95%, demonstrating the model’s accuracy.
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Table 18. Kinetics parameters of the FPX rock types.
Kinetics Parameters Rock Types
FPX1 FPX2 FPX3 FPX4
Fraction of Flotation @y (Fast) 07732 07788 08431  0.6912
Components
@s (Slow) 0.2268 0.2212 0.1569 0.3088
Flotation Rate Constant Ky (Fast) 1.7772 1.5605 1.4498 1.0000
(min~1) K (Slow) 0.0699 0.0629 0.0308 0.1000
Error 3.0158 2.7181 2.527 57.2816
Floatability Index (Lab) Fast Slow Slow Slow
Table 19. Goodness of fit for all rock types.
PGM Rock Types
P-FPX1 P-FPX2 P-FPX3 P-FPX4 FPX1 FPX2 FPX3 FPX4
Floﬁg‘te))l(hty Medium  Slow Medium Fast Fast  Slow  Slow Medium
Goodness of fit 0.97 0.99 0.99 1.00 1.00 1.00 1.00 0.97
(a) P-FPX1 (b) P-FPX2
100 — 100
80 4 80 4
= 60 = 60
o} 5]
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Figure 9. Model fitness for the P-FPX rock types.
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Figure 10. Model fitness for the FPX rock types.

4. Discussion

This study reveals substantial mineralogical variability between P-FPX and FPX litholo-
gies and their direct influence on flotation performance. FPX samples consistently out-
performed P-FPX in terms of cumulative recovery (e.g., FPX4 = 90.35%) and concentrate
grade (FPX3 =116.5 g/t at 1 min), attributable to higher proportions of liberated PGMs (up
to 90.6% in FPX1) and simpler mineral associations. In contrast, P-FPX samples, particu-
larly P-FPX2 and P-FPX3, contained a greater abundance of PGMs in locked or complex
modes of occurrence (e.g., SAG, G classes), which showed suppressed flotation kinetics
(Kr < 0.09 min~1) and anomalous slow-floating behavior (Ks up to 8.67 min~1).

Grain size distribution also contributed to flotation outcomes, with over 85% of PGMs
across all samples being >3 pum, which is generally considered favorable for flotation [23].
Nonetheless, fine PGMs locked in silicates continued to pose recovery challenges, confirm-
ing that mineral association exerts a stronger control over floatability than grain size alone.

The variations in flotation kinetics observed between FPX and P-FPX lithologies can be
partially explained by phenomenological factors rooted in mineral surface properties. Sul-
fide minerals, especially liberated base metal sulfides such as pentlandite and chalcopyrite,
exhibit inherent hydrophobicity under typical flotation conditions due to their favorable
electrochemical surface characteristics [24]. This contributes to their rapid attachment
to air bubbles, yielding higher fast-floating fractions () and elevated K values in FPX
samples. In contrast, PGMs locked within silicate or oxide gangue phases, as commonly
seen in P-FPX samples, exhibit significantly lower surface hydrophobicity, often requiring
prolonged flotation time or surface activation for recovery [42]. Furthermore, the presence
of surface coatings, such as iron oxides or slimes, can passivate particle surfaces and hinder
collector adsorption, as noted in previous studies on Bushveld ores [43-45]. These textural



Minerals 2025, 15, 701

24 of 28

and mineral-chemical complexities provide a mechanistic basis for the suppressed kinet-
ics observed in P-FPX samples and reinforce the need for tailored reagent regimes and
conditioning protocols.

These findings align with prior work by Corin et al. [46], who demonstrated that
mineral liberation and PGM association with sulfides are primary drivers of flotation
efficiency in Bushveld-type ores. Similarly, (a) Becker et al. [11] and O’Connor et al. [12]
noted that complex gangue interactions such as those with talc, feldspar, and amphibole
can dilute concentrate grade and hinder bubble—particle attachment, as reflected here by
the lower recovery observed in P-FPX3 (83.25%).

The modified Kelsall model, enhanced with MOC classes and optimized using
PSO, successfully modeled dual-component flotation kinetics, achieving R? values above
0.97 across all samples. Fast-floating fractions (¢ = 0.77-0.84) and high Ky values
(1.45-1.78 min—1) were linked to L and SL MOC classes, corroborating earlier kinetic
modeling studies by Ross [6] and Hay and Rule [7]. Conversely, samples dominated by G
or SAG classes required longer flotation times and were associated with higher model error
(e.g., P-FPX4 = 57.3), indicating the need for improved classification or advanced machine
learning techniques to better capture complex textural effects [47,48].

Several flotation kinetics parameters derived in this study exhibited characteristics
indicative of mathematical artefacts, which diminish their physical interpretability. This
phenomenon can be attributed primarily to the intrinsic complexity and mineralogical
variability of the ore, where multiple MOCs with diverse liberation and flotation behaviors
complicate parameter estimation. Moreover, measurement noise and variability inherent
in flotation test data contribute to parameter uncertainty, often leading the optimization
routine to fit noise rather than true kinetic behavior.

From a practical plant perspective, the kinetic parameters derived in this study offer
critical insight for tailoring flotation circuits to lithological domains. For instance, the
significantly faster flotation kinetics and high fast-floating fractions observed in FPX sam-
ples (e.g., @ = 0.77-0.84; Kf =1.45-1.78 min’l) suggest that these ores can be effectively
treated using standard residence times and conventional reagent regimes. In contrast,
P-FPX ores, characterized by slower kinetics and higher proportions of locked PGMs, may
require circuit modifications such as increased flotation residence time, staged regrinding,
or customized reagents targeting gangue depression and selective collector adsorption.

An important but often overlooked variable is water quality. In this study, tap water
was used throughout flotation testing to reflect site-relevant operational conditions. While
this introduces a realistic context, it also adds uncontrolled variability in parameters such as
ionic strength, pH buffering, and hardness, all of which can influence collector adsorption,
frother performance, and gangue depression [46,49]. Although no major inconsistencies
were observed in replicate tests, future work should include water chemistry profiling
and controlled experiments to isolate and quantify these effects for more robust kinetic
modeling and improved plant predictability.

Importantly, the study demonstrates that lithology-specific flotation strategies are
essential: P-FPX ores, due to their complex associations, may benefit from finer grinding
and targeted reagents, while FPX ores can be efficiently processed using standard circuits.
This geometallurgical insight supports the integration of mineralogical attributes into
flotation kinetics for improved recovery prediction, process design, and dynamic plant
control, particularly at the DFS stage.

In practice, flotation plant operators and metallurgists rarely have access to detailed
mineralogical models in real time. However, this research emphasizes the strategic value
of integrating mineralogical inputs at the design and geometallurgical modeling stages,
especially when defining spatial domains, blending strategies, and flotation circuit config-
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uration. For example, predicting the floatability index based on MOC distributions can
support ore classification during mine planning or short-term stockpile management. In
feasibility studies, the kinetic parameters derived can feed into dynamic simulation plat-
forms like JKSimFloat or Outotec HSC Sim, enabling predictive evaluations of throughput,
concentrate grade, and recovery under varying feed scenarios.

Overall, the integration of comprehensive mineralogical characterization, systematic
flotation testing, and rigorous kinetic modeling provides a robust and quantitative frame-
work to inform circuit design and optimize flotation performance across mineralogically
diverse ore types. By directly correlating key mineralogical parameters, such as liberation
size distributions, mineral associations, and modes of occurrence, with flotation kinetics
and recovery metrics, this approach enables the development of predictive models that
more accurately capture the complexity and variability of real-world ores. This method-
ology aligns with the principles of modern geometallurgy, as emphasized by Mwanga
et al. [50] and Lois-Morales et al. [51] supports improved process design, control strategies,
and long-term operational efficiency in the context of resource variability.

Such integration supports the rational design and optimization of flotation circuits by
enabling targeted adjustments in grinding, reagent schemes, and operational conditions
tailored to specific lithological domains. The use of advanced optimization algorithms,
including PSO, further refines kinetic parameter estimation, enhancing model robustness
and predictive capability.

This framework is consistent with contemporary geometallurgical paradigms, which
advocate for the synergistic coupling of geological, mineralogical, and metallurgical
datasets to drive data-informed process design and control. The application of this inte-
grated methodology at the feasibility and design stages offers improved confidence in plant
performance forecasting, facilitates dynamic circuit adjustments to accommodate ore vari-
ability, and ultimately contributes to enhanced recovery efficiency and concentrate quality.

The results presented demonstrate the necessity of incorporating mineralogical com-
plexity into flotation kinetic models to capture the effects of heterogeneous mineral as-
sociations and surface properties. This integrated geometallurgical approach has broad
applicability for optimizing flotation performance in a range of polymetallic and com-
plex sulfide ore systems, thereby advancing process understanding and supporting more
effective mineral processing operations.

5. Limitations and Future Work

While the integration of mineralogical MOC into the modified Kelsall model sig-
nificantly enhanced flotation kinetics prediction, the use of PSO to fit multiple kinetic
parameters across several MOC classes introduces a risk of overfitting. The model achieved
high internal accuracy (R? > 0.97), but the absence of external validation datasets limits
the ability to assess generalization to other ore types or processing conditions. Further-
more, certain MOC categories, particularly SAG and G, exhibited anomalous or unstable
kinetic parameter estimates, suggesting limited robustness in highly locked mineral sys-
tems. Future work should focus on implementing cross-validation strategies, constraining
parameter search spaces, and evaluating model performance across independent datasets
from other PGM deposits such as UG2 and the Great Dyke. Moreover, incorporating
regularization techniques or hybrid machine learning—kinetic frameworks may improve
the model’s predictive stability in the presence of mineralogical complexity.

This study focuses on developing and validating a detailed flotation kinetic model that
accounts for mineralogical variability, but its direct integration into existing plant control
systems or predictive control frameworks is beyond the current scope. The presented
model lays the groundwork for future implementation efforts, which will involve address-
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ing challenges such as real-time data integration, computational efficiency, and control
algorithm design. Future research will investigate these aspects to facilitate embedding the
model within advanced process control and digital twin platforms, ultimately enhancing
flotation circuit performance.

Furthermore, this study successfully demonstrates the integration of mineralogical
variability into flotation kinetic modeling through MOCs, but it does not explicitly quantify
the relative impact of individual mineralogical attributes on kinetic performance. This
omission reflects the study’s primary focus on developing and validating the geometallurgi-
cal modeling framework. Future research will address this by applying feature importance
techniques and sensitivity analyses to identify the most influential mineralogical drivers,
thereby supporting more targeted data collection strategies in industrial applications.

6. Conclusions

This study demonstrates the significant benefits of integrating mineralogical variabil-
ity into flotation modeling for complex PGM orebodies. Specifically, key mineralogical
attributes such as Mode of Occurrence (MOC), grain size distribution, gangue mineral
composition, and mineral associations were shown to have a strong influence on flotation
behavior and recovery trends across different lithologies. The modified Kelsall flotation
model applied in this research effectively captured these relationships by linking kinetic
response to the underlying geometallurgical characteristics of the ore.

The results showed that PGMs occurring in liberated form or associated with sulfide
minerals generally exhibit faster flotation kinetics and higher recoveries, aligning with their
favorable surface properties and hydrophobicity. In contrast, PGMs encapsulated within
silicate gangue or complex multiphase associations tended to float more slowly or not at
all, highlighting the physical and chemical constraints that affect their floatability.

The dual-rate model structure proved particularly effective in distinguishing fast-
and slow-floating components within the ore, allowing for more accurate simulation of
metallurgical performance under varying operational scenarios. This modeling approach
not only improved the fit to experimental data but also offered practical insights into the
recoverability of different PGM mineral populations, enhancing the interpretability and
predictive capability of the flotation model.

These findings underscore the importance of geometallurgical integration in process
modeling and design. By tailoring flotation strategies to the specific mineralogical features
of an ore, operators can better optimize reagent schemes, grinding strategies, and circuit
configurations, ultimately improving metallurgical efficiency and reducing losses. Future
studies should continue to incorporate multi-scale mineralogical data and validate model
predictions at pilot or plant scale, with the aim of advancing robust, predictive frameworks
for process optimization in complex, polymetallic deposits.
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