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PREDICTIVE MODELING OF ORE PREPARATION PROCESSES UNDER CONDITIONS OF
MINERALOGICAL COMPOSITION VARIABILITY

Abstract. The research establishes a direct link between inherent mineralogical variability and comminution per-
formance, enabling crushing and grinding optimization through a fundamental materials-based approach. The methodol-
ogy integrates mineralogical characterization using QEMSCAN and XRD, mechanical property testing through nano-
indentation and single-particle breakage, and numerical simulation via a hybrid Discrete Element Method-Population
Balance Model (DEM-PBM) calibrated with experimental data and supplemented by multivariate statistical analysis for
rapid prediction.

Analysis of a porphyry copper deposit classified the ore into four distinct types with quartz contents ranging from
15% to 65% and clay minerals from near-zero to 40%. The calibrated DEM model reproduced single-particle breakage
with errors below 6%. Simulations demonstrated that shifting from quartz-dominated to clay-rich ore reduces specific
energy consumption by up to 45% while increasing product P80 from 185 um to 290 um. A 15% increase in hard pyrite
content was predicted to raise specific energy by 8% and reduce product P80 by 5 um. Validation against experimental
batch grinding tests achieved R? > 0.95 for predicted versus experimental particle size distributions. An optimization case
study showed that a 10% feed rate reduction combined with 2% mill speed increase could maintain constant product
fineness during transition to softer ore.

The scientific novelty lies in developing a fully integrated, physics-based framework directly linking quantitative min-
eralogical data to comminution behavior through a calibrated DEM-PBM hybrid model. Unlike traditional empirical ap-
proaches relying on bulk averaged properties like the Bond Work Index, this work provides mechanistic understanding of
how individual mineral constituents and their textural relationships collectively determine breakage outcomes, enabling
prediction of grinding performance for arbitrary ore blends without empirical testing for each mixture.

The framework enables a paradigm shift from reactive process management to predictive, feed-forward control in
mineral processing. It allows quantitative optimization of grinding parameters in response to real-time or anticipated
changes in feed mineralogy, with demonstrated potential for 5-10% energy savings, increased throughput, and im-
proved downstream recovery through stabilized product size. The methodology can be integrated with online sensors
and advanced process control systems for real-time implementation, providing a scientific basis for transforming ore
preparation from a cost center into a value-generating component of the mining enterprise.

Keywords: ore preparation, comminution, crushing, grinding, mineralogical variability, predictive modeling, Discrete
Element Method (DEM), Population Balance Model (PBM), process optimization, geometallurgy.

1. Introduction

The mining industry faces increasing geological complexity as high-grade depos-
its deplete, forcing operations to process deeper, lower-grade ores with significant
variability in mineralogy, texture, and hardness [1-3]. This variability fundamentally
disrupts comminution circuits — a crusher optimized for hard ore performs inefficient-
ly on softer material, causing throughput reductions, energy waste, and inconsistent
particle sizes that undermine downstream processes [4, 5].

Current practice remains reactive and ill-equipped for short-term fluctuations.
Traditional approaches rely on bulk parameters like the Bond Work Index [6], which
averages out the hourly feed variations that actually occur. Control strategies use
feedback loops that respond to disturbances after they happen — detecting a mill over-
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load, then reducing feed rate [7, 8]. This reactive paradigm accepts inefficiency as
unavoidable, resulting in constant process upsets, wasted energy, and lost production.

This gap between complex reality and simplistic control necessitates a paradigm
shift: from reactive management to predictive control. The enabler is sophisticated
mathematical modeling that integrates detailed mineralogical data directly into the
control loop. By understanding exactly what material enters the plant and accurately
predicting its breakage behavior, we can anticipate variability before it causes dis-
turbances. Such models would use modal mineralogy, grain size distribution, and tex-
ture as inputs, enabling real-time adjustment of operating parameters to maintain op-
timum efficiency.

Foundational comminution theories [9-11] established empirical and phenomeno-
logical models (Bond Work Index, population balance models) but rely on bulk prop-
erties unsuited for dynamic control. Recent advances link mineralogy to breakage
through advanced characterization tools (QEMSCAN, MLA), revealing that texture
profoundly influences fracture patterns [12—-14]. However, these geometallurgical
approaches typically serve long-term planning rather than real-time control.

Parallel developments in numerical simulation — particularly Discrete Element
Method (DEM) with bonded-particle models [15-20] — enable high-fidelity commi-
nution simulation. Yet DEM calibration remains time-intensive, requiring extensive
single-particle testing. Research on multi-component ores [21, 22] and adaptive con-
trol systems [23] further advances the field, but a critical synthesis remains missing: a
direct, quantitative connection between high-resolution mineralogical data and dy-
namic breakage models for predictive control.

This research addresses that gap by developing a framework uniting quantitative
mineralogy with numerical simulation creating a predictive tool to transform how the
industry responds to ore variability.

2. Methods

The goal of this research is to establish a comprehensive framework optimizing
ore preparation through the synergistic integration of predictive numerical modeling
and quantitative mineralogical analysis, creating a direct mechanistic link between
fundamental material properties and dynamic comminution behavior. This will be
achieved by first quantitatively characterizing mineralogical variability within a rep-
resentative ore body using advanced automated mineralogy to capture the full spec-
trum of modal composition, texture, and grain size distribution. Building on this
characterization, a hybrid Discrete Element Method-Population Balance Model will
be developed to establish a quantitative link between mineral-specific mechanical
properties and resultant bulk breakage behavior under compressive and impact loads.
This model will then simulate crushing and grinding operations under various feed
scenarios defined by the real mineralogical data, with its predictive accuracy rigor-
ously validated against controlled laboratory-scale or pilot-scale comminution exper-
iments. The findings will ultimately be synthesized into a practical methodology for
deploying the validated model in adaptive, feed-forward control strategies for indus-
trial circuits, enabling dynamic optimization in response to real-time ore variability.
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The research methodology proceeds through three interconnected phases: detailed
mineralogical characterization, mechanical property determination, and hybrid nu-
merical modeling. The foundation begins with collecting a representative sample set
that truly captures the full ore body variability — not random sampling but a targeted
campaign drawing from drill core intervals or plant feed streams pre-identified
through geological logging as representing different ore types, alteration zones, and
textural domains. For a porphyry copper system, this includes samples from potassic,
phyllic, and argillic alteration zones with varying stockwork vein densities; for iron
ore, it spans hematite, magnetite, and goethite-rich lithologies across both massive
and friable types. This assembled library is then subjected to high-resolution analyti-
cal techniques, primarily automated mineralogy using QEMSCAN or Mineral Libera-
tion Analyzer, which combine SEM (scanning electron microscopy) imaging with
energy-dispersive X-ray spectroscopy to automatically identify minerals and map
their spatial distribution. The output provides quantitative modal mineralogy with
precise weight or volume percentages of every mineral phase, mineral grain size dis-
tributions critical for predicting liberation energy, mineral association data revealing
which minerals contact each other and indicating texture, and baseline liberation as-
sessment. This automated mineralogy is complemented by X-ray diffraction for bulk
mineral identification and quantifying phases difficult to distinguish by SEM-EDS
(energy-dispersive X-ray spectroscopy), such as different clay minerals or poly-
morphs. From this rich dataset, derived parameters are calculated to create quantita-
tive indices directly linked to mechanical behavior — including a mineralogical hard-
ness index formulated as a weighted average of constituent mineral intrinsic hardness
using Knoop or Vickers micro-hardness values from materials science literature.

From this rich dataset, a series of derived parameters are calculated to create
quantitative indices that can be directly linked to mechanical behavior. A "mineralog-
ical hardness index" can be formulated, which is a weighted average of the intrinsic
hardness of the constituent minerals. This requires a look-up table of Knoop or Vick-
ers micro-hardness values for each mineral, available from materials science litera-
ture. The index might take the form:

n

HminZZ(Wi'Hi)’ 1)

i=1

where w; is the weight fraction of mineral i and H; is its intrinsic micro-hardness.
Similarly, a "textural index" is developed to capture the complexity of the mineral
intergrowth. This could be based on the average grain size, a grain size uniformity
coefficient, or more sophisticated parameters like a mineral association entropy met-
ric derived from the QEMSCAN data. A higher textural index might indicate a very
fine-grained, complexly intergrown ore that is resistant to breakage and liberation.
Finally, based on a combination of these quantitative parameters — modal mineralogy,
hardness index, and textural index — a statistically robust "ore type" classification
scheme is developed. This is not based on subjective geological observation but on a
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rigorous, data-driven clustering of the samples into distinct groups that are expected
to behave differently during comminution.

With the ore types defined and their mineralogy quantified, the next phase focuses
on determining the fundamental mechanical properties that govern breakage. This
moves from the scale of the bulk ore to the scale of the individual mineral grain and
the single particle.

Nano-indentation or micro-hardness testing is employed to measure the mechani-
cal properties of individual mineral grains directly within their natural textural con-
text. A small, sharp indenter is pressed into the surface of a polished sample with a
precisely controlled force, and the depth of penetration is continuously recorded. The
resulting load-displacement curve is analyzed to extract the material's hardness (re-
sistance to permanent deformation) and its reduced Young's modulus. The modulus is
derived from the slope of the unloading curve using the Oliver-Pharr method:

_Jz S
&= A @

where E; is the reduced modulus, Pa; S is the stiffness (slope of the unloading curve
at maximum load), N/m; and A is the projected contact area, m2. This data provides
the fundamental, mineral-specific mechanical property inputs required for high-
fidelity numerical models. By testing multiple grains of the same mineral within dif-
ferent textural settings, it is also possible to assess the influence of grain boundaries
and adjacent phases on the apparent mechanical properties.

To connect these mineral-scale properties to the breakage behavior of larger parti-
cles, a program of single-particle breakage testing is conducted. This involves select-
ing individual particles of a specific size (e.g., -25mm + 19mm) from each of the pre-
viously defined ore type classes. These particles are then subjected to controlled
breakage events. Slow compression tests are performed using a universal testing ma-
chine, crushing a single particle between two flat platens at a constant displacement
rate. The force-displacement curve is recorded, and the energy absorbed up to the
point of fracture is integrated, providing the particle's fracture energy. The resulting
fragment size distribution is also measured. Alternatively, for higher throughput, a
drop-weight tester can be used, where particles are broken by impacts of varying spe-
cific energies. This provides a statistical distribution of breakage energies for each
ore type. The outcome of this testing is a fracture energy distribution function, f(E),
for each ore class, which describes the probability that a particle will break when sub-
jected to an impact of a given specific energy. This function is a critical input for
modeling breakage rates.

The final and most complex phase of the methodology is the integration of all
preceding data into a predictive numerical modeling framework. This framework is
not a single model but a hybrid system that leverages the strengths of different com-
putational approaches.
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The power of this approach lies in how BPM is parameterized. The mechanical
properties of the bonds — their stiffness, tensile strength, and shear strength — are as-
signed based directly on the experimental data from the nano-indentation and single-
particle breakage tests. A particle representing an ore type with hard, brittle minerals
(e.g., quartz) will be assigned strong, stiff bonds. A particle representing a soft, clay-
rich ore will be assigned weak, ductile bonds. The calibration process involves simu-
lating the single-particle breakage tests within the DEM environment and adjusting
the bond parameters until the simulated force-displacement curve and fragment size
distribution accurately match the experimental results for each ore type. The funda-
mental equation governing the force-displacement behavior of a bond can be ex-
pressed incrementally:

AF, =k,AAu,, ®3)
AF, = -k ,AAuq, 4)

where AF, and AF; are the increments of normal and shear force, N; k, and ks are the

bond normal and shear stiffness, N/m®; A is the bond cross-sectional area, m?; and
Au, and Au are the relative normal and shear displacements between the bonded

particles, m. The bond breaks when the maximum tensile or shear stress exceeds a
predefined strength.

While the DEM-BPM provides a high-fidelity, mechanistic simulation of the
breakage process, it is computationally intensive and impractical for simulating the
thousands of tons of material processed in an industrial circuit over hours or days. To
bridge this scale gap, the framework incorporates a PBM. The PBM is a mathemati-
cal framework that tracks the mass of material in each size interval as it moves
through a grinding mill. Its governing equation for a perfectly mixed batch mill is:

M=—Simi(t)+ iibijsjmj(t), (5)
dt =1

where mj(t) is the mass fraction in size class i at time t, s; S; is the size-discretized se-
lection function (breakage rate) for particles in size class i, s*; and bj; is the breakage
distribution function, representing the fraction of material broken from size class j
that reports to size class i.

The critical innovation in this hybrid approach is that the parameters of the PBM
— the selection and breakage functions — are not fitted empirically from arbitrary plant
data. Instead, they are informed and constrained by the detailed DEM simulations.
The DEM model, calibrated for each specific ore type, is used to simulate the break-
age of particles under the dynamic conditions of the mill. The results of these simula-
tions are analyzed to derive the breakage rate and breakage distribution parameters as
a direct function of the ore's mineralogy. This creates a direct, physics-based link
from mineralogy (M) to PBM parameters:
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S; = f (M, mill conditions ), (6)
b; = g(M, mill conditions). (7)

where B is a vector of mineralogical descriptors (e.g., modal percentages, textural
indices), wt%; S; is a selection function, s*; bjj is a breakage distribution function

This hybrid model allows for the rapid simulation of full grinding circuits under
varying feed conditions, with the accuracy of the underlying DEM physics but at a
fraction of the computational cost.

Finally, to enable truly rapid, potentially real-time, prediction for process control,
a surrogate model is developed using multivariate statistical analysis. Principal Com-
ponent Analysis (PCA) is first applied to the rich mineralogical dataset to reduce its
dimensionality. PCA transforms the many correlated mineralogical variables (e.g.,
percentages of 15 different minerals) into a smaller set of uncorrelated principal
components that capture the majority of the variance in the data. These principal
components (PC1, PC2, ...) then serve as the new, compact descriptors of ore varia-
bility.

Subsequently, Partial Least Squares (PLS) regression is used to build a model that
directly predicts key process performance indicators (KPIs) from these principal
components. The PLS method finds a linear relationship between a matrix of predic-
tor variables (X, the mineralogical PCs) and a matrix of response variables (Y, the
KPIs such as specific energy consumption, Es, and product particle size, P80). The
PLS model can be represented as:

Y =XB+E, (8)

where B is a matrix of regression coefficients and E is a residual matrix. The trained
PLS model provides a direct, equation-based mapping from the measured mineralogy
of the feed to the expected process outcomes. This allows for predictions that are
many orders of magnitude faster than even the PBM, making it suitable for use as a
soft sensor in a real-time control system. The overall workflow, from mineralogical
input to optimized control output, can be visualized as a pipeline where data flows
from detailed characterization, through mechanical testing, into a high-fidelity DEM
model for calibration, which then informs a faster PBM, which finally is distilled into
an ultra-fast statistical surrogate model for online application.

3. Result and discussion

The systematic sampling and analysis of the porphyry copper ore body revealed a
wide spectrum of mineralogical compositions and textures across 47 representative
samples subjected to QEMSCAN analysis. The primary minerals identified included
chalcopyrite as the main copper-bearing phase, with pyrite, quartz, K-feldspar, bio-
tite, and various clay minerals (primarily kaolinite and illite) comprising the gangue.
Modal mineralogy exhibited significant variation, with quartz content ranging from
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15% to 65%, clay minerals from near-zero to 40%, and sulfide minerals (chalcopyrite
+ pyrite) from 2% to 18%.

To distill this high-dimensional data into a manageable classification, PCA was
performed on the mineralogical composition matrix. The first two principal compo-
nents accounted for 73% of the total variance in the dataset. PC1 was strongly posi-
tively correlated with quartz and K-feldspar content and negatively correlated with
clay minerals and biotite, effectively representing a "hardness” gradient from compe-
tent, silica-rich rocks to soft, alteration-dominated rocks. PC2 was correlated with the
ratio of pyrite to chalcopyrite, representing a sulfide mineralogy gradient. Based on
clustering analysis within this PCA space, the samples were classified into four dis-
tinct ore types. Their characteristic mineral assemblages and key textural parameters
are summarized in Table 1.

Table 1 — Classification of Ore Types Based on Mineralogical and Textural Analysis

Ore Type | Dominant Mineral | Quartz Clay | Sulfides Mean Textural Description
Assemblage (%) Minerals (%) | Grain Size
(%) (Hm)
Quartz-K-feldspar- Coarse-grained,
Type A chalcopyrite 55-65 <5 8-12 | 180-250 equigranular, massive
Quartz-biotite- Medium-grained,
Type B pyrite 35-45 5-10 12-18 | 100-150 disseminated sulfides
Type C Clay-quar'gz- 20-30 95 35 5 10 50-80 Fine-grained, friable,
chalcopyrite vuggy texture
. . Very fine-grained,
Type D | Clay-biotite-pyrite | 15-25 30-40 8-15 30-60 laminated, soft

The ternary diagram of quartz-clay-sulfide content (Figure 1a) visually confirms
the separation of these four ore types into distinct fields. Type A occupies the quartz-
rich apex, Type C and Type D extend toward the clay-rich region, and Type B is po-
sitioned centrally. The PCA score plot (Figure 1b) reinforces this classification,
showing four non-overlapping clusters that validate the distinction based on the un-
derlying mineralogical drivers of mechanical behavior.

The calibration of the bonded-particle DEM model was performed by simulating
the single-particle slow compression tests for each of the four identified ore types.
For each ore type, a representative set of ten particles was tested experimentally, and
the resulting force-displacement curves and fragment size distributions were record-
ed. The DEM model, with particles represented as agglomerates of bonded primary
spheres, was then parameterized to replicate these results. The bond normal stiffness
(k,), bond shear stiffness (k;), bond tensile strength (o..), and bond cohesion (c) were
iteratively adjusted until a close match was achieved between simulation and experi-
ment (Table 2).

The calibrated model successfully reproduced the experimental force-
displacement behavior. For a representative Type B particle, the experimental peak
fracture force was measured at 4.2 kN, while the DEM simulation predicted a peak
force of 4.4 kN, a deviation of less than 5%. Furthermore, the fragment size distribu-
tion from the simulated breakage showed excellent agreement with the experimental
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sieving results, with a coefficient of determination (R?) of 0.96 when comparing the
cumulative percent passing for each size fraction. This high level of agreement con-
firmed that the DEM model, with its parameters directly linked to the mineralogical-
ly-defined ore types, could serve as a reliable surrogate for physical experimentation.

(a) Ternary diagram of major components
Quartz (%)

(b) PCA score plot

3 ® @ TypeB
] @ TypeC
o . o TypeD
o]
£ 1 o ®
S e
E 0 A ® bcg Oocb
o
E 0 o o o ©
(o} o}
-1 o o.oOO
®
_2_
o © s}
T
-2 0 2

PC1 (30.3%)

Figure 1 — Mineralogical classification of major components (Quartz, Clay, Sulfides) for the four
identified ore types: (a) ternary diagram showing the distribution; (b) PCA score plot of the full
mineralogical dataset

Table 2 — Calibrated DEM Bond Parameters for Each Ore Type

Ore Type Bond Normal Bond Shear | Bond Tensile Bond Calibration
Stiffness, kn Stiffness, ks Strength, oc | Cohesion, ¢ | Error (RMSE,
(GPa/m) (GPa/m) (MPa) (MPa) %)
Type A 850 340 95 120 4.8
Type B 620 250 68 85 5.3
Type C 310 120 32 40 6.1
Type D 180 70 18 22 5.9

With the DEM model calibrated, a series of simulations were conducted to predict
the performance of a laboratory-scale ball mill (0.5 m diameter, 0.3 m length) when
fed with the different ore types. The simulations were run for a constant mill speed
(70% of critical) and a constant grinding time (5 minutes), but with the feed mineral-
ogy varied according to the four ore types. The key performance indicators extracted
from these simulations were the specific energy consumption (kWh/t) and the final
product particle size (P80 the size at which 80% of the material passes).

The results demonstrate a clear and systematic influence of mineralogy on grind-
ing performance. The hard, quartz-rich Type A ore required the highest specific ener-
gy (14.2 kWh/t) to achieve the finest product (P80 of 185 um). In contrast, the soft,
clay-rich Type D ore consumed 45% less energy (7.8 kwh/t) but produced a much
coarser product (P80 of 290 um) under identical milling conditions. The throughput,
simulated at a constant load, also varied significantly, with the softer ores passing
through the mill more quickly.
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To isolate the effect of a single mineralogical component, a sensitivity analysis
was performed by creating synthetic ore blends. Starting from a baseline Type B
composition, the pyrite content was incrementally increased from 5% to 20%, while
correspondingly reducing the quartz content. The simulations predicted that a 15%
increase in the proportion of hard, fine-grained pyrite (replacing softer biotite) would
increase the specific grinding energy by approximately 8% and, due to the higher
breakage resistance, reduce the final product's P80 by approximately 5 pm. This
guantitative relationship underscores the importance of tracking even minor but hard
mineral phases.

To validate the predictive capability of the hybrid DEM-PBM framework, a series
of controlled laboratory batch grinding tests were conducted. Three custom ore
blends were created by physically mixing crushed material from the different ore
types in specific proportions: Blend 1 (80% Type A / 20% Type C), Blend 2 (50%
Type B /50% Type D), and Blend 3 (33% each of Types A, B, and C). These blends
were ground in the laboratory ball mill under identical conditions to those used in the
simulations, and the resulting product particle size distributions were measured by
laser diffraction sieving.

The comparison between the model-predicted and experimentally measured PSDs
for Blend 2 is shown in Figure 2. The agreement is excellent across the entire size
range. The model accurately captures both the coarse end and the fines generation.
The coefficient of determination (R?) calculated for the cumulative percent passing
values across all size fractions for Blend 2 was 0.98, indicating that the model ex-
plains 98% of the variance in the experimental data. For the more complex Blend 3,
the R2 value was slightly lower at 0.95, which is still considered highly acceptable
given the inherent stochasticity of the breakage process and potential minor variations
in the manual blending process. This validation confirms that the modeling frame-
work, calibrated on single-particle data for discrete ore types, can accurately predict
the behavior of heterogeneous, mixed feeds.
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Figure 2 — Validation of the hybrid DEM-PBM model
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The validated model was applied to a practical optimization case study. The sce-
nario involved a hypothetical industrial grinding circuit facing a transition from a
predominantly Type B ore feed to a feed containing an increasing proportion of soft,
clay-rich Type D material. Without any control action, this transition would lead to a
rapid increase in mill throughput as the softer ore moves through the circuit more
quickly. However, this increased throughput comes at the cost of a coarser product,
as shown in Table 3. If this coarser product is sent to a flotation circuit, recovery of
valuable minerals would drop significantly.

The model was used in a forward-simulation mode to identify optimal control ac-
tions to maintain a constant product fineness (P80=210 um) as the ore type shifts.
The manipulated variables considered were the mill feed rate (solid tons per hour)
and the mill rotational speed (% of critical). A series of simulations were run for a
feed blend consisting of 60% Type B and 40% Type D. The results are summarized
in Table 4, which shows the predicted product P80 and specific energy for various
combinations of feed rate and speed.

Table 3 — Predicted Grinding Performance for Different Ore Types

Ore Type Feed P80 Product P80 Specific Energy Throughput
(mm) (um) (KWh/t) (kg/h)

Type A 3.2 185 14.2 28.5
Type B 3.2 210 12.8 31.0
Type C 3.2 265 9.5 36.2
Type D 3.2 290 7.8 39.5

Table 4 — Simulated Control Strategies for a 60% Type B / 40% Type D Ore Blend

Strategy Feed Rate | Mill Speed |Product Pgo (um)| Specific Energy | Mill Load

(t/h) (% critical) (KWh(t) Status

Baseline (Type B) 31.0 70 210 12.8 Stable
No Control 36.2 70 265 9.5 Underloaded
Strategy 1 31.0 70 248 11.2 Stable
Strategy 2 31.0 75 225 12.0 Stable
Strategy 3 28.0 70 218 12.5 Stable
Optimal Strategy 28.0 72 211 12.6 Stable

The "No Control" row shows the consequence of inaction: the product becomes
too coarse (265 pm). Simply reducing the feed rate back to the original level (Strate-
gy 1) improves the product but does not fully compensate for the change in ore prop-
erties. Increasing the mill speed (Strategy 2) helps by providing more energy to the
charge. The optimal strategy, identified through iterative simulation, involves a 10%
reduction in feed rate (from 31.0 to 28.0 t/h) combined with a 2% increase in mill
speed (from 70% to 72% critical). This combination restores the product Pg, to the
target value of 211 um while maintaining a stable mill load and only a marginal in-
crease in specific energy consumption. This case study demonstrates the practical
utility of the model: it provides a quantitative, defensible basis for making proactive
control decisions in response to measured or anticipated changes in feed mineralogy.
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The results presented in the preceding section demonstrate a clear and quantifia-
ble relationship between the mineralogical composition of an ore and its response to
comminution. This discussion interprets the underlying mechanisms driving these
observations, contrasts the developed modeling approach with traditional methods,
critically examines its advantages and limitations, and explores the practical implica-
tions for the mining industry.

The observed differences in grinding performance between the four ore types
stem directly from their mineralogical and textural characteristics. The hard, quartz-
rich Type A ore consumed the most energy and produced the finest product because
quartz possesses high intrinsic hardness and Young's modulus, requiring significant
energy to propagate fractures through its competent matrix. Its coarse-grained,
equigranular texture offers few pre-existing weakness planes, forcing fractures to
traverse through mineral grains rather than along boundaries. Conversely, the clay-
rich Type D ore consumed less energy but yielded coarser products because clay
minerals like kaolinite have low hardness and platy, layered structures creating inher-
ent weakness planes. During grinding, energy dissipates through inter-particle sliding
and a "cushioning™ effect where soft clay particles absorb impact energy, protecting
harder particles from breakage and reducing energy transfer efficiency. Micaceous
minerals like biotite in Types B and D exacerbate this cushioning through their flexi-
ble, sheet-like morphology. The sensitivity analysis confirming that increased hard,
fine-grained pyrite raises energy consumption demonstrates that even minor compe-
tent components can dominate grinding dynamics as energy sinks.

The modeling framework offers substantial advantages. It achieves higher predic-
tive accuracy for variable feeds, validated by strong R? values of 0.95-0.98 between
predicted and experimental particle size distributions for complex blends. By parame-
terizing the model based on mineralogy, it transforms variability from a process dis-
turbance source into a controllable input, enabling proactive adjustment to changing
feed conditions rather than reactive responses to mill overloads.

However, limitations include complex setup requiring advanced analytical
equipment and specialized expertise, dependence on detailed mineralogical data not
typically available real-time in operations, and computational costs that make full
DEM simulations impractical for direct online application — necessitating the hybrid
PBM and statistical surrogate modeling approaches developed here.

The industrial implications are substantial. The statistical surrogate model enables
real-time deployment in Advanced Process Control systems as a soft sensor, predict-
ing optimal mill speed and feed rate from incoming ore mineralogy. Integration with
online sensors such as Laser-Induced Breakdown Spectroscopy and Near-Infrared
spectroscopy can enable closed-loop, feed-forward control by adjusting setpoints pri-
or to mill entry.

Economic benefits are compelling: energy savings of 5-10% by preventing waste
on over-grinding or ineffective breakage; increased throughput by avoiding conserva-
tive operating strategies and safely pushing rates when ore is soft; and most signifi-
cantly, improved downstream recovery by stabilizing product size delivered to flota-
tion circuits, ensuring consistent operation in optimal recovery windows. This
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framework provides a scientific basis for transforming ore variability management
from a reactive cost center into a predictive, value-generating component of the min-
ing enterprise.

4. Conclusion

This research successfully achieved its goal of developing a predictive modeling
framework that establishes a quantitative link between mineralogical variability and
comminution performance. The key findings demonstrate that ore behavior in grind-
Ing circuits is governed by specific mineral assemblages and their mechanical charac-
teristics. The study quantified that a shift from quartz-dominated to clay-rich ore can
reduce specific energy consumption by nearly 45% while coarsening the product, and
that a 15% increase in hard minerals like pyrite can increase energy demand by ap-
proximately 8%.

All defined objectives were systematically accomplished. First, QEMSCAN and
XRD analysis successfully classified the ore body into four distinct types based on
modal mineralogy, grain size, and texture. Second, a hybrid DEM-PBM framework
was developed and calibrated using nano-indentation and single-particle breakage
tests, creating a direct, physics-based link from mineral properties to bulk behavior.
Third, the model successfully simulated grinding performance under various feed
scenarios, predicting the impact of changing mineralogy on specific energy, through-
put, and product size. Fourth, the framework was rigorously validated against labora-
tory batch grinding tests on blended ores, achieving an Rz > 0.95 between predicted
and experimental particle size distributions. Fifth, a practical optimization case study
demonstrated how the model can define proactive control strategies, such as adjusting
feed rate and mill speed to maintain constant product fineness during transitions to
softer ores.

The scientific contribution lies in providing a fundamental methodology that
moves beyond empirical bulk indices like the Bond Work Index, offering a mechanis-
tic understanding of how mineral constituents collectively determine breakage behav-
ior. The practical contribution is equally significant, enabling a shift from reactive
process management to predictive control with direct economic implications: energy
savings of 5-10%, increased throughput, and improved downstream recovery through
stabilized product size.

Future work should focus on three directions: integrating the model with online
sensors (LIBS, NIR) for real-time, feed-forward control; extending the framework to
include downstream processes like flotation for full-circuit economic optimization;
and developing simplified, reduced-order models suitable for direct deployment in
industrial Distributed Control Systems.

Conflict of interest
Authors state no conflict of interest.

REFERENCES
1. Alam, S. (2023), "Energy-Saving Green Technologies in the Mining and Mineral Processing Industry”, The Minerals, Metals
& Materials Series, Cham, Springer Nature Switzerland, pp. 89-96. https://doi.org/10.1007/978-3-031-22638-0 9



https://doi.org/10.1007/978-3-031-22638-0_9

ISSN 3083-6271 (Print), ISSN 3083-628X (Online) Geo-Technical Mechanics. 2026. 1ss.176 177

2. Qassimi, S. and Abdelwahed, E.H. (2022), "Disruptive Innovation in Mining Industry 4.0", in Elhoseny, M., Yuan, X. and Krit,
S. (eds.), Distributed Sensing and Intelligent Systems. Studies in Distributed Intelligence (SDI), Cham, Springer, pp. 313-325.
https://doi.org/10.1007/978-3-030-64258-7 28

3. Peters, A. (2023), "Nonmetallic Materials of Construction for Mineral Processing", Materials Performance, 62(7), pp. 44-47.
https://doi.org/10.5006/mp2023 62 7-44

4. Xuan, Y., Zhao, L., Li, D., Pang, S. and An, Y. (2023) "Recent advances in the applications of graphene materials for the oil
and gas industry", RSC Advances, 13(33), pp. 23169-23180. https://doi.org/10.1039/d3ra02781c

5. Ratov, B., Pavlychenko, A., Kirin, R., Pashchenko, O., Khomenko, V., Tileuberdi, N., Kamyshatskyi, O., Serebriak, S., Sei-
daliyev, A. and Muratova, S. (2025), "Using machine learning to model mechanical processes in mining: Theory, practice, and legal
considerations", Engineered Science, 33, p. 1419. https://doi.org/10.30919/es1419

6. Todorovic, D., Trumic, M., Andric, L., Milosevic, V., & Trumic, M. (2017). "A quick method for Bond work index approximate
value determination". Physicochemical Problems of Mineral Processing, 53(1), 321-332. https://www.minproc.pwr.wroc.pl/journal/

7. Khomenko, V.L., Ratov, B.T., Pashchenko, O.A., Davydenko, O.M. and Borash, B.R. (2023), "Justification of drilling parame-
ters of a typical well in the conditions of the Samskoye field", IOP Conference Series: Earth and Environmental Science, 1254(1),
012052. https://doi.org/10.1088/1755-1315/1254/1/012052

8. Bendaouia, A., Ismaili, T., Najib, |., Hasidi, O., Benzakour, I., Li, J. and Abdelwahed, E.H. (2025), "Intelligent real-time flota-
tion froth stability monitoring using embedded computer vision: lead (Pb) processing case study”, The International Journal of Ad-
vanced Manufacturing Technology, 141(3-4), pp. 1313-1328. https://doi.org/10.1007/s00170-025-16740-z

9. Bond, F.C. (1952), "The third theory of comminution", Mining Engineering, 4(3), pp. 484-494.

10. Austin, L.G., Klimpel, R.R. and Luckie, P.T. (1984), Process Engineering of Size Reduction: Ball Milling, New York, Society
of Mining Engineers of the AIME, USA.

11. King, R.P. (2001), Modeling and Simulation of Mineral Processing Systems, Oxford, Butterworth-Heinemann, England.
https://doi.org/10.1016/B978-0-08-051184-9.50014-6

12. Sutherland, D.N. and Gottlieb, P. (1991), "Application of automated quantitative mineralogy in mineral processing", Minerals
Engineering, 4(7-11), pp. 753-762. https://doi.org/10.1016/0892-6875(91)90063-2

13. Gu, Y. (2003), "Automated scanning electron microscope based mineral liberation analysis: An introduction to JKMRC/FEI
Mineral Liberation Analyser", Journal of Minerals and Materials Characterization and Engineering, 2(1), pp. 33-41.
https://doi.org/10.4236/jmmce.2003.21003

14. Little, L., Mainza, A.N., Becker, M. and Wiese, J. (2016), "Using mineralogical and particle breakage data to improve the
simulation of comminution circuits", Minerals Engineering, 89, pp. 42-53. https://doi.org/10.1016/}.powtec.2016.06.052

15. Cundall, P.A. and Strack, O.D.L. (1979), ‘A discrete numerical model for granular assemblies», Géotechnique, 29(1), pp.
47-65. https://doi.org/10.1680/geot.1979.29.1.47

16. Potyondy, D.O. and Cundall, P.A. (2004), "A bonded-particle model for rocky, International Journal of Rock Mechanics and
Mining Sciences", 41(8), pp. 1329-1364. https://doi.org/10.1016/}.ijirmms.2004.09.011

17. Cleary, P.W. (2001), "Recent advances in DEM modelling of tumbling mills", Minerals Engineering, 14(10), pp. 1295-1319.
https:/doi.org/10.1016/S0892-6875(01)00145-5

18. Morrison, R.D. and Cleary, P.W. (2008), "Towards a virtual comminution machine", Minerals Engineering, 21(11), pp. 770-
781. https://doi.org/10.1016/..mineng.2008.06.005

19. Tavares, L.M. (2017), "A review of advanced ball mill modelling", KONA Powder and Particle Journal, 34, pp. 106-124.
https://doi.org/10.14356/kona.20171015

20. Davoodi, A., Asbjornsson, G., Hulthén, E., & Evertsson, M. (2019). "Application of the Discrete Element Method to Study
the Effects of Stream Characteristics on Screening Performance”, Minerals, 9(12), 788. https://doi.org/10.3390/min9120788

21. Fuerstenau, D.W. and Abouzeid, A.Z.M. (2002), "The energy efficiency of ball milling in comminution”, International Journal
of Mineral Processing, 67(1-4), pp. 161-185. https:/doi.org/10.1016/S0301-7516(02)00039-X

22. Shi, F. and Kojovic, T. (2007), "Validation of a model for impact breakage incorporating particle size effect", International
Journal of Mineral Processing, 82(3), pp. 156—163. https:/doi.org/10.1016/j.minpro.2006.09.006

23. Hodouin, D. (2011), "Methods for automatic control, observation, and optimization in mineral processing plants", Journal of
Process Control, 21(2), pp. 211-225. https:/doi.org/10.1016/}.jprocont.2010.10.016

NMPEAUKTUBHE MOOENOBAHHA MPOLECIB PYOONIATOTOBKU B YMOBAX MIHITUBOCTI
MIHEPANOIYHOIr 0 CKNnAgy
Kopossika €.A., XomeHko B.J1., NaweHko O.A., lllesyeHko C.B., Apewnak O.C.

AHoTauis. [ocnigxeHHs BCTAHOBIMIOE MPSMUIA 3B'A30K MK BMAacTUBOK MiHEpamnoriyHol MIHNMBICTIO pyan Ta
eheKTUBHICTIO ii  MoApibHEHHs, WO [A03BONSE ONTUMI3yBaTM npouec ApoObrieHHs Ta MOMENy Ha  OCHOBI
(byHOameHTanbHoro, MatepianosHaes4yoro nigxogy. MeTogonoria  noegHye  MiHepanoriyHy — XapakTepucTuky 3
BukopuctaHHaM QEMSCAN Ta XRD, BM3HAYeHHS MeXaHiYHMX BNacTMBOCTEN 3a AOMNOMOrOK HaHOIHAEHTYBaHHS Ta
BUMNpoOyBaHb Ha pyiHYBaHHS OKPEMMX 4YaCTUHOK, @ TaKOX YMCENbHE MOAEMNIOBaHHS uepes ribpuaHy Moaenb
puckpeTHux enemenTiB (DEM) Ta 6anancy nonynsuin (PBM), BigkanibpoBaHy 3a ekcriepuMeHTanbHUMW AaHUMK Ta
[O0NOBHEHY HaraTOBUMIPHUM CTAaTUCTUYHM aHani3oM Ans LWBMAKOTO MPOrHO3YBaHHS.
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AHanis nopipoBoro MigHOPYAHOrO PoAoBULLA KnacudikyBas pyay Ha YOTUPK OKpeMi TUMW 3 BMICTOM KBapLy BiJ
15% po 65% Ta rnuMHUCTUX MiHepaniB Big maibke Hyns oo 40%. KanibposaHa mogens DEM BigTBOpuna pyitHyBaHHs
OKPEMMX YaCTUHOK 3 MoXubkoto MeHLwe 6%. MogentoBaHHs nokasano, Lo nepexis Big KBapL-A0OMiHaHTHOI o 6araToi Ha
FVHY Pyay 3HUKYE NMUTOME eHeprocnoxueaHHs Ao 45%, ogHoYacHo 36inbLuytoumn KpynHicTb npoaykTy P80 3 185 mkm o
290 mkm. [porHo3yeTbes, Wo 36inblieHHs BMICTYy TBepaoro niputy Ha 15% niguwmte nutomy eHeprito Ha 8% i
3ameHwnTb P80 npoaykTy Ha 5 Mkm. Banigauis Moaeni B nopiBHsHHI 3 ekcnepuMeHTanbHUMM nabopaTopHUMK NoMenamm
pocsarna R? > 0.95 ang nporHo30BaHOMo Ta €KCNEPUMEHTANbBHOrO rpaHyoMeTpUYHOrO cknagy. MNMpuknag onTumisalii
nokasaB, WO 3MEHLUEHHs LWBKMAKOCTI nogadi Ha 10% y noegHaHHi 3i 36inbLUEHHAM WBMAKOCTI MAMHA Ha 2% MOXe
NiATPUMYBATW NOCTINHY TOHKICTb NOMeNy Mif Yac nepexomy 40 M'AKLIOT pyau.

HaykoBa HOBW3Ha nonsrae y po3pobui MNOBHICTIO iHTErpoBaHOi, (i3M4HO OBFPYHTOBAHOI CTPYKTYpM, Sika
BesnocepeaHbO NOB'A3YE KinbKiCHI MiHepanorivHi JaHi 3 NOBEAiHKOW pyan Npy NoapibHeHH: Yepes kanibpoBaHy ribpuaHy
mozens DEM-PBM. Ha BigmiHy Big TpaguLiiHUX eMiipuyHmX MigxoAis, WO NOKMNaaalTbes Ha YCepeaHeHi BnacTMBOCTi,
Taki SK iHOeKkc uuctoi pobotn boHaa, Ua poboTa 3abesneyye MexaHiCTUYHE PO3yMiHHS TOro, SIK OKPeMi MiHepanbHi
CKMapoBi Ta iXHi TEKCTYpHI B3AEMO3B'A3KM KOMEKTMBHO BM3HAYalOTb pe3ynbTaTi  PYWHYBaHHS, [03BOMNSIOYM
NPOrHO3yBaTW eCheKTUBHICTb NOAPIOHEHHS ANs JOBINbHUX CyMilen pyn 6e3 HeobXigHOCTI eMnipuyHMX BUNPOGYBaHb
KOXKHOT CyMiLLli.

Po3pobnieHa CTpyKTypa YMOXIMBITIOE 3MiHY MapagurMu Bif PEaKTUBHOIO YNpaBIiHHS NPOLECOM A0 NPOrHO3YHYOro
KepyBaHHs 3 BUNepemXanbHUM 3B'A3KOM Y 30arayeHHi KopucHUX komanuH. BoHa [03BONSE KinbKiCHO ONTUMI3yBaTh
napameTpu nogpibHeHHs y BiANOBiAb Ha 3MiHW MiHepanorii XWBMEHHS B peanbHOMy 4aci abo ouikyBaHi 3MiHM, 3
NPOLEMOHCTPOBAHUM MOTEHLianoM Ans ekoHoMil eHeprii Ha 5-10%, 36inblueHHs NpOgyKTWBHOCTI Ta MiABULLEHHS
BUIYYEHHS HA HACTYMHUX CTagisax 3aBasku crabinisauii kpynHocTi npogykty. Metogonoris Moxe 6yTv iHTerpoaHa 3
OHNaiH-CeHcopamMi Ta Cy4acHUMK CUCTEMamMi aBTOMATWU30BAHOTO KepyBaHHS NS peanisauii B peanbHOMY 4aci,
3abe3nevyioum HaykoBy OCHOBY A/t MEPETBOPEHHS MIATOTOBKM PYaM 3 LEHTPY BUTPAT Y KOMMOHEHT FipHNY0400yBHOMO
nigNpMeMCTBa, L0 CTBOPIOE JOAAHY BapTIiCTb.

KntovoBi cnoBa: pygonigrotoska, AesiHterpavis, ApobneHHs, nogpibHeHHs, MiHepanoriyHa MiHAMBICTb, MPOrHO3HE
MOZESI0BaHHSI, MeTog anckpeTHux enemenTis (DEM), mogene nonynsuinHoro 6anaHcy (PBM), ontumisalis npouecis,
reomeTtanypris.
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