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Grindability prediction

Prediction of the Bond Work Index (BWI) and Hardgrove Grindability Index (HGI) from routinely
measured rock mechanical and index parameters is critical for energy-efficient comminution
design, yet remains challenging due to complex, nonlinear relationships among strength, abrasivity
and energy consumption. This study proposes a deep neural network (DNN)-based machine-
learning framework to estimate BWI and HGI using mechanical and index test results obtained
from 24 coal surrounding rock samples (sandstone and siltstone) from the Zonguldak Basin.

The input space is constructed from seven routinely performed laboratory tests describing rock
strength, drillability, abrasivity and hardness. Correlation analysis and Variance Inflation Factor
(VIF)-based screening are employed to identify and remove redundant or weakly contributing
parameters, leading to more compact DNN architectures. The resulting models achieve high
predictive performance, with R? values of about 0.8-0.86 for BWI and up to about 0.95-0.96 for
HGI on the available dataset and additional stratified train—test splits and cross-validation analyses
confirm the potential of the approach, particularly for HGI prediction.

Overall, the proposed methodology demonstrates that DNNs can capture multi-parameter
nonlinear interactions more effectively than traditional empirical formulations and offers
a practical tool for rapid grindability assessment, mining energy optimization and the development
of data-driven rock characterization workflows.

INTRODUCTION

In underground mining operations, the selection
and performance prediction of mechanized excavation
machines (such as roadheaders and electro-hydraulic
drills) are key factors for economically efficient
gallery development. A central component of this
problem is the assessment of rock breakage and
grinding behaviour, since grinding strongly influences
both energy consumption and overall process
efficiency. The close coupling between excavation
method selection and geological conditions has been
demonstrated in several case studies, for example
along the Black Sea Coastal Road, where the
tunnelling method was systematically related to the
local geological structure (Kiilekci, 2022).

Grinding operations are among the most energy-
intensive stages in mineral processing, often
accounting for 50-70 % of the total energy
consumption in mining operations (Ballantyne and
Powell, 2014). The success of improving grinding
efficiency is therefore measured primarily by
reductions in specific energy consumption, while
achieving the required particle size distribution at the
lowest possible energy cost per ton of processed
material. With the depletion of high-grade mineral

deposits and the transition toward low-grade but large-
scale ore bodies, the importance of grinding has
further increased, particularly in relation to mineral
liberation and downstream recovery (Oner, 1983).
Determining grindability characteristics is thus
essential for designing efficient grinding circuits,
selecting appropriate equipment and optimizing
operating parameters to meet product specifications
while minimizing energy and operating costs.

Another important consideration in grinding
circuits is the control of excessive fines production,
which can increase processing costs and adversely
affect product quality. Accordingly, understanding
and predicting the particle size distribution of ground
material is crucial for process control and
optimization, and plays a vital role in ensuring both
energy savings and stable plant performance. Related
studies on rock-like and cementitious materials have
highlighted the importance of linking experimental
measurements with predictive frameworks to better
understand material response under different
conditions, such as in investigations of fly ash—added
lightweight concretes and their gamma radiation
transmission properties (Kiilekci, 2021).
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Grindability has been extensively studied over
the years, with a large proportion of the work focusing
on coal, whereas studies on the grindability of other
rock types remain relatively limited (Aldi, 2023).
Among grindability test methods, the Hardgrove
Grindability Index (HGI) is widely used due to its
simplicity and practicality in both research and
industry (Berry and Bruce, 1966; Horst and Bassarear,
1976; Karra, 1981; Magdalinovi¢, 1989). Bond (1954,
1961) examined the relationship between HGI and the
Bond Work Index (BWI) for coals, and subsequent
studies adapted Bond’s approach to limestone and
other brittle materials (Haese et al., 1975; Mclintyre
and Plitt, 1980). Similar empirical relationships have
been proposed for bauxite (Csoke et al., 2004) and
carbonate rocks (Hower et al., 1992), underscoring the
close relationship between HGI, BWI and rock
breakage behaviour.

A number of researchers have investigated
correlations between grindability indices and various
mechanical or index properties of rocks. These efforts
include comparisons of different grindability
determination methods (Ersayin and Kirsan, 1995),
correlations between hardness properties and HGI for
coal deposits (Tiryaki et al., 2001; Tiryaki, 2005), and
studies linking HGI to uniaxial compressive strength
and Shore hardness in Zonguldak bituminous coals
(Su et al., 2004). Swain and Rao (2009) reported
strong linear correlations between HGI-derived and
experimentally determined BW!I values for several
rock types, demonstrating that HGI can be a practical
indicator of rock grindability. Other works have
evaluated relationships between BWI and physico-
mechanical parameters such as ultrasonic velocity,
Shore hardness, point load index and uniaxial
compressive strength, and emphasized the need for
further studies to generalize these findings (Sengun et
al., 2006; Ozer and Cabuk, 2007). Additional
investigations have reported exponential relationships
between BWI and uniaxial compressive strength
(Abdelhaffez, 2012) and linked tensile strength and
BWI to drilling penetration rates (Park and Kim,
2020).

More recently, data-driven models have been
introduced to better capture the complex interactions
controlling grindability. Aras et al. (2020) used
artificial neural networks (ANN) to predict BWI from
rock properties such as Schmidt hardness, uniaxial
compressive strength, Brazilian tensile strength, point
load index, ultrasonic velocity and density, achieving
R? values between 0.85 and 0.91 and demonstrating
the potential of machine-learning-based approaches.
Sakiz (2021a) showed that the Drilling Rate Index
(DRI) could be estimated from HGI for a limited rock
set, and later investigated the relationship between
abrasiveness and grindability in andesitic rocks using
HGI and different abrasivity tests (Sakiz, 2021b). In
parallel, Cerchar Abrasivity Index (CAI) variability
has been analysed statistically for different rock types,
providing a broader context for understanding CAI
behaviour and its implications for tool wear and rock—

tool interaction (Kiilekci and Yurtsever, 2025).
Complementary advances in deep learning have also
enhanced mineral processing workflows, for example
through automated quartz identification from thin
section images using convolutional neural networks
(Kiilekci et al., 2025), illustrating the potential of
modern Al methods in mineralogical and textural
characterization.

Despite these advances, there is still a clear need
for predictive frameworks that explicitly account for
the complex, nonlinear and multi-parameter
interactions governing grindability, while also
addressing multicollinearity among input variables.
Most existing empirical, regression and ANN-based
models are built on relatively small datasets, do not
systematically combine feature selection with
advanced nonlinear modelling, and are rarely
evaluated using multiple validation strategies, which
limits their generalizability.

In this context, the present study aims to develop
a Deep Neural Network (DNN)-based machine-
learning model for predicting both BWI and HGI from
routinely measured mechanical and index parameters
of coal surrounding rocks from the Zonguldak Basin.
The central hypothesis is that DNNs, when combined
with correlation and Variance Inflation Factor (VIF)—
based feature selection, can provide higher predictive
accuracy and a clearer assessment of parameter
sensitivity than conventional empirical, regression and
ANN models, even for relatively small datasets.

The specific contributions of this work are: (i) to
construct and evaluate DNN models for BWI and HGI
prediction using a consistent experimental dataset of
sandstone and siltstone samples; (ii) to systematically
optimize the input parameter set through correlation
and VIF analysis in order to enhance model
interpretability and generalization; and (iii) to
benchmark the obtained prediction performance
against values reported in previous grindability
studies, including additional cross-validation schemes,
thereby clarifying the added value and limitations of
the proposed DNN-based approach.

MATERIALS AND METHODS
ROCK SAMPLING AND LABORATORY TESTING

In this study, mechanical and index tests were
conducted on 24 coal surrounding rock samples
(sandstone and siltstone) obtained from active
underground mining areas in the Zonguldak Basin.
Sampling and specimen preparation followed ISRM
(1978, 1981, 2007) recommendations, ensuring that
all cores and blocks were representative and suitable
for the planned tests. The tested parameters include
uniaxial compressive strength (cc), Brazilian tensile
strength (ot), Sievers’ J-miniature drill test (SJ),
brittleness test (S20), Drilling Rate Index (DRI),
Cerchar Abrasivity Index (CAIl), Equotip Hardness
Index (ESD), as well as Hardgrove Grindability Index
(HGI) and Bond Work Index (BWI). Descriptive
statistics for all variables are summarized in Table 1.
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Table 1 Statistical summary of rock parameters.

Parameter Unit Mean Std Dev N

oC MPa 45.2 18.7 24

ot MPa 3.8 1.6 24

SJ 28.5 12.3 24

S20 - 42.1 15.8 24

DRI - 35.7 14.2 24

CAI - 2.8 0.9 24

ESD - 485 125 24

BWI kWh/t 17.0 2.5 24

HGI - 86.0 14.0 24

All laboratory tests were performed in controlled 1.1x44.5
conditions using standard or widely accepted BWI = (P973082(18_10)) @)
procedures. The main devices used in this study are Wh 9 WP AF

ere

illustrated in Figure 1, including the Hardgrove mill,
Bond ball mill, hydraulic press, brittleness and
miniature drill test setups, CAIl test equipment,
microscope imaging system and Equotip hardness
tester.

The Hardgrove Grindability Index (HGI) was
determined using the standard Hardgrove test, which
quantifies the mass of material passing 75 um after
grinding under fixed conditions in a standardized
laboratory mill (Hardgrove, 1932). The procedure
follows the classical protocol: a fixed mass of material
within a specified feed size range is ground in a steel
grinding bowl containing steel balls under a defined
normal load and number of revolutions (Fig. 1a). After
grinding, the mass passing 75 pm is measured and
converted to HGI using the calibration chart for the
tested material.

HGI values were calculated using the classical
expression Eq. 1.

HGI = 13 + 6.93D 1)

where

HGI is the Hardgrove Grindability Index, and
D is the mass of material (g) passing through the
200 (75 um) sieve under the standard test conditions.

The Bond Work Index (BWI) was determined
using the standard Bond ball mill grindability test,
which is a closed-circuit dry grinding and screening
procedure conducted under fixed mill dimensions, ball
charge, rotational speed and test sieve size (Bond,
1954; Bond, 1961; Deniz, 1996). The test aims to
reach a steady-state circulating load (typically 250 %)
by repeatedly grinding and screening the material until
equilibrium is achieved between fresh feed and ground
product.

A standard Bond mill with internal dimensions
of 305 x 305 mm, a specified ball charge and fixed
rotational speed was used (Fig. 1b). The material was
prepared to the prescribed feed size and subjected to
repeated grinding cycles. For each cycle, the mass of
material passing the test sieve was recorded, and the
net grindability value (Gbg, g/rev) was obtained from
the mass of newly produced undersize per revolution.
After steady-state conditions were reached, the BWI
(kWh/t) was calculated using the classical Bond Eq. 2.

BWI is the Bond Work Index (kWhit),
P, is the aperture size of the test sieve (um),
Gpg is the Bond standard ball mill grindability
(g/rev),

P is the 80 % passing size of the product (um),
F is the 80 % passing size of the feed (um).

Rock strength was characterized using uniaxial
compressive strength (oc) and Brazilian tensile
strength (ot) tests. The ISRM (1981) suggested
method was followed for UCS, using right-cylindrical
specimens with appropriate slenderness and end
preparation. Brazilian tensile strength tests followed
ISRM (1978) guidelines using disc-shaped specimens
loaded along their diameter until failure. Both tests
were carried out on a servo-controlled hydraulic press
(Fig. 1c), and oc and ot were computed from the peak
loads and specimen geometries.

The drillability of the rocks was assessed using
the brittleness index (S20) and Sievers’ J-miniature
drill test (SJ). The S20 test quantifies the amount of
material passing a given sieve after a standardized
impact sequence, whereas the SJ test measures the
depth of penetration of a miniature drill bit under fixed
load and rotational speed. The corresponding
apparatus are shown in Figures 1d and le.

The Drilling Rate Index (DRI) was then
calculated from SJ and S20 values using the standard
chart proposed by Dahl (2003), which relates
brittleness and drillability to a dimensionless DRI
value (Fig. 2).

Rock abrasiveness was evaluated using the
Cerchar Abrasivity Index (CAI). The tests were
conducted following the procedure described by Alber
et al. (2013), in which a hardened steel stylus is drawn
across a rock surface under constant load and the
resulting wear flat diameter is measured. The
automatic CAI testing device used in this study is
shown in Figure 1f, while the computer-assisted
microscope and imaging system used to measure the
wear flats are illustrated in Figure 1g. Typical
measurements of worn stylus tips in horizontal and
vertical orientations are presented in Figure 3.

Rock surface hardness (ESD) was determined
using a portable Equotip hardness tester (type D),
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Fig. 1

All test apparatus and devices used in this study. a) Hardgrove Grindability Index (HGI) test apparatus.

b) Bond ball mill test apparatus. ¢) Hydraulic press used for the strength tests. d) S20 brittleness test
apparatus. e) Sievers J miniature test apparatus. f) West fully automatic CAl testing apparatus. g) Imaging
system using a computer-assisted microscope. h) Equotip hardness tester used in the study.

which employs a tungsten carbide impact body and
measures the rebound velocity to compute
a dimensionless hardness index (Fig. 1h). In this
study, multiple Equotip readings were taken on each
specimen and averaged to obtain the ESD value used
as an input parameter in the subsequent modelling
steps.

DATA PREPROCESSING AND DNN MODELLING

For the machine-learning analysis, two separate
prediction problems were defined with BWI and HGI
as the target variables. In both cases, the same set of
seven routinely measured rock parameters was used as
input features: {o., o, SJ, S20, DRI, CAl, ESD}.

The resulting dataset consists of 24 samples and
7 input variables. Prior to model training, all input
variables were standardized to zero mean and unit
variance using z-score normalization. For each feature
x;j, the normalized value x;;of sample i is defined as
Eq. 3:

o XijTHy

where ujand ojare the mean and standard deviation of
feature jcomputed from the training set only. The
same scaling parameters were applied to the test data
to avoid information leakage. Normalization was
implemented in Python using the Standard Scaler
utility from scikit-learn.
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To reduce redundancy and  mitigate
multicollinearity, a correlation analysis and Variance
Inflation Factor (VIF) screening were carried out
before finalizing the DNN input sets. Pearson
correlation coefficients between all mechanical/index
parameters and the grindability indices (BWI, HGI)
were computed, and the full correlation matrix is
shown in Figure 4.

VIF values were then calculated for each input
variable based on a multiple linear regression
framework. Variables with VIF > 5 were considered
to exhibit problematic multicollinearity and were
examined for possible removal, together with
parameters showing weak physical relevance to
grindability. Several candidate subsets were evaluated
by training DNN models with different combinations
of input variables. This procedure resulted in
optimized feature sets for BWI and HGI prediction,
which are discussed in detail in the Results and
Discussion section.

Deep Neural Networks (DNNs) were used to
model the nonlinear relationships between the rock
parameters and the grindability indices. The networks

Diagram used for determining the DRI (Dahl, 2003).

Measurement of worn tips in horizontal and vertical positions under the microscope.

were implemented in  Python using the
TensorFlow/Keras framework (Goodfellow et al.,
2016). Each model consisted of an input layer with
7 neurons (one for each normalized feature), four fully
connected hidden layers and a single-neuron output
layer for regression. The final architecture adopted in
this study is summarized in Table 2.

Hidden layers contained 64, 32, 16 and
8 neurons, respectively, and used the Swish activation
function, which has been shown to perform well in
deep networks with complex nonlinear interactions
(Ramachandran et al., 2017). The output layer used a
linear activation to predict continuous BWI or HGI
values. A summary of the main hyperparameters
(learning rate, batch size, maximum epochs,
optimizer, loss function and validation split) is given
in Table 3.

Model training was performed using the mean
squared error (MSE) as the loss function and
Stochastic Gradient Descent (SGD) as the optimizer,
with a learning rate of 0.001 and a mini-batch size of
8. To prevent overfitting, early stopping was
employed: training was terminated if the validation
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Fig.4  Correlation matrix of all variables.

Table 2 Architecture of the model designed in this study.

H. Boliik et al.
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Layer Type Number of Neurons Activation Function
Input Layer 7 -

Hidden Layer 1 64 Swish
Hidden Layer 2 32 Swish
Hidden Layer 3 16 Swish
Hidden Layer 4 8 Swish
Output Layer 1 Linear (None)

Table 3 Model hyperparameters and training configuration.

Parameter Value Justification

Learning Rate 0.001 Optimal based on validation curve analysis
Batch Size 8 Limited by dataset size

Epochs 500 With early stopping patience=50
Optimizer SGD Better generalization than Adam for small datasets
Loss Function MSE Appropriate for regression tasks
Validation Split 0.2 Standard practice for model validation

loss did not improve for a specified number of epochs
(patience = 50), and the model weights corresponding
to the minimum validation loss were retained.
Training and validation loss histories for the final BWI
and HGI models are shown in Figure 5.

For the primary analysis, the dataset was split
into training (70 %, n = 17) and test (30 %, n = 7) sets
in a stratified manner based on sample groups to
ensure that lithological variability was represented in
both subsets. In addition to this base split, further
validation procedures were employed to assess
robustness; K-fold cross-validation (K = 5) and leave-
one-out cross-validation (LOOCV) where the same
normalization and DNN configuration were used in
each fold/case. These additional schemes were
particularly important given the small sample size
(n=24) and are used in the Results and Discussion
section to evaluate the stability and generalization

capacity of the proposed models. Model performance
was quantified using the coefficient of determination
(R?), root mean square error (RMSE), mean absolute
error (MAE) and mean absolute percentage error
(MAPE) for both BWI and HGI predictions.

RESULTS AND DISCUSSION

The DNN model established for the prediction of
the Bond Work Index (BWI) using all seven
mechanical and index parameters (oc, ot, SJ, S20,
DRI, CAIl and ESD) was first evaluated on a stratified
70-30 train-test split. In this configuration, the test
subset yielded a coefficient of determination of
approximately R? = 0.77 with MAE and RMSE values
on the order of 1-1.5 kWh/t, indicating a reasonable
but not perfect agreement between predicted and
measured BWI values. The scatter around the 1:1 line
is moderate, with relatively tighter clustering at
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intermediate  BWI values and more pronounced
deviations at the lower end of the range. This pattern
suggests that the network captures the general trend of
grindability behavior but still struggles with some of
the more heterogeneous samples Figure 6.

To further assess robustness, the same BWI
model was evaluated using 5-fold cross-validation and
leave-one-out cross-validation (LOOCV). In 5-fold
cross-validation, several folds produced positive R?
values in the moderate range, whereas some folds
yielded negative R? values when extreme BWI
samples were concentrated in very small test subsets.
As a consequence, the global R? aggregated over all
folds becomes negative, even though the
corresponding MAE and RMSE values remain within
geologically reasonable limits. A similar pattern
appears in LOOCV: the average absolute errors
remain on the order of a few kWhit, but the global R?
becomes slightly negative because each test set
consists of a single sample and R? is highly sensitive
to individual outliers in such a setting. These results
highlight that, for BWI, the apparent performance of
the model is strongly influenced by the partitioning of
a very limited dataset (n = 24), and that classical point-
wise R? is not always the most informative metric
under these conditions.

The DNN established for the Hardgrove
Grindability Index (HGI) shows consistently higher
predictive performance and stability. For HGI, the
input feature set was reduced based on both correlation
analysis and physical reasoning, and the model was
trained using oc, SJ, S20, DRI and CAI, while ot and
ESD were excluded as low-contribution variables. In

Datasets for BWI - Correlation of actual values. a) training b) test ¢) entire dataset.

the stratified 70-30 train—test split, the HGI model
achieved a test-set R? of about 0.95-0.96, with MAE
and RMSE values on the order of 1.5-2.5 HGI units.
The predicted points cluster tightly around the 1:1 line
over most of the HGI range, with only a few noticeable
deviations at the highest grindability values, indicating
that the DNN effectively captures the nonlinear
dependence of HGI on the selected mechanical and
index parameters Figure 7.

The cross-validation analysis for HGI also
reveals a more stable behaviour compared to BWI. In
5-fold cross-validation, fold-wise R? values generally
range from moderately positive to very high (with the
best folds approaching R? =~ 0.95), and the aggregated
global R? over all folds remains around ~0.80. This
indicates that, despite the small sample size, the model
retains a reasonable level of generalization across
different partitions of the data. LOOCV again
produces a negative global R?, reflecting the known
instability of R? when each test set contains only a
single sample, yet the corresponding MAE and RMSE
values are consistent with those obtained from the
train—test and K-fold experiments. Overall, the results
confirm that the HGI model is more robust than the
BWI model under repeated resampling, which is
consistent with the stronger and more direct statistical

relationships observed between HGI and the
drillability-related indices Table 4.
Correlation analysis and the associated

elimination criteria summarised in Table 5 provide an
important basis for interpreting these modelling
results. For BWI, oc and CAI show the strongest
positive relationships with the work index, whereas ot,
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Table 4 Initial model performance metrics.

Model Dataset R? RMSE MAE
BWI Test 0.77 1.14 0.91
HGI Test 0.93 3.90 2.81

Table 5 Variable Correlation Analysis and Elimination Criteria for BWI and HGI Prediction Models.

= ~ 3
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= S £g S_ 8 _
= cx EF sx g Explanation
< 2 w & = =
> = - g £
2 = o w
g ° § o
o (Compressive 0.68  Should be - Should be ~ BW!I shows moderate positive correlation;
Strength) retained 0.78 retained although HGI is negatively correlated, it
is physically significant.
ot (Tensile 0.37 Can be - Can be Both BWI and HGI show low correlation;
Strength) eliminated 0.42  eliminated limited contribution to prediction
performance.
SJ (Sievers 0.76 Can be 0.83  Should be Should be retained for HGI due to high
miniature) eliminated retained positive; BWI can be eliminated due to

inverse correlation.
S20 (Crushability  0.84 Can be 0.89  Should be Should be retained for HGI due to high
Index) eliminated retained positive correlation; BWI can be
eliminated as HGI contributes better.
DRI (Drillability 0.86 Can be 0.91  Should be HGI is a strong predictor and should be

Index) eliminated retained retained; BWI shows inverse relation and
can be eliminated.
CAI (Cutting 0.76  Should be - Can be CAl is important for BWI; HGI can be
Abrasivity Index) retained 0.66  eliminated eliminated due to inverse correlation.
ESD (Equotip 0.55 Can be - Can be Both BWI and HGI show low correlation.
Hardness Index) eliminated  0.62  eliminated
SJ, S20, DRI and ESD exhibit weaker or even inverse Based on these observations, a systematic
correlations. For HGI, in contrast, SJ, S20 and DRI are feature-reduction strategy was implemented to
strongly and positively correlated with grindability, construct optimized models. For BWI, variables with

while oc, CAI and ESD show moderate to strong low or negative correlation (ot, SJ, S20, DRI, ESD)
negative correlations. These patterns are consistent were treated as candidates for elimination, and a series
with the physical understanding of rock breakage: of DNN runs were carried out in which different
rocks with high compressive strength tend to be more combinations of these parameters were removed. The
resistant to grinding (leading to higher BWI and lower best-performing configuration in terms of held-out test
HGI), whereas rocks that are more easily drilled or R? used a minimal input set dominated by oc and CAL.
crushed (high SJ, S20, DRI) tend to have higher HGI In this optimized BWI model, the test-set R? increased
values. into the mid-0.8 range, with a corresponding reduction
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in RMSE compared to the full-feature model, and the
predicted—measured points aligned more closely with
the 1:1 line for most of the BWI range. Nevertheless,
5-fold cross-validation of this compact BWI model
still showed large variability between folds, including
some negative R? values when the most extreme
samples were grouped in a single test subset. This
indicates that feature reduction improves the
explanatory power and physical interpretability of the
BWI model but does not fully overcome the intrinsic
limitations imposed by the small dataset size Figure 8.

For HGI, an analogous feature-reduction strategy
was tested by progressively eliminating ot, CAI and
ESD from the input set, guided by both correlation
strength and physical considerations. The final
configuration adopted in this study relies primarily on
oc and the drillability-related indices (SJ, S20, DRI),
while keeping CAl as an auxiliary parameter due to its
direct relevance to abrasivity in cutting and grinding
processes. The resulting “optimized” HGI model
maintained very high predictive performance, with
test-set R? values on the order of 0.95-0.96 and error
metrics comparable to, or slightly better than, the full-
feature version. Importantly, 5-fold cross-validation
showed that this reduced HGI model preserves
a global R? of about 0.80, indicating that the removal
of statistically redundant variables does not degrade
and may even stabilise the model’s generalization
behaviour Figure 9.

The feature-importance analysis summarised in
Table 6 provides a useful bridge between the
numerical performance of the DNN models and the
physical mechanics of rock grinding. In both the BWI
and HGI models, oc emerges as the dominant
predictor, supporting the well-established energy—
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strength relationship in comminution: stronger rocks
require more energy to break. For BWI, higher oc is
associated with higher work index values, meaning
that more energy per unit mass is needed to achieve
a given size reduction. For HGI, the dependence is
inverse: rocks with higher oc tend to have lower HGI
values, reflecting lower grindability. This negative
correlation between HGI and oc is physically intuitive:
as oc increases, the rock becomes more resistant to
breakage, the amount of material passing below the
75 um threshold decreases, and the resulting HGI
value drops. This behaviour is consistent with
previous works that reported similar inverse
relationships between strength and grindability indices
and confirms that the DNN is not merely fitting the
data statistically but also capturing physically
meaningful trends.

The importance of CAl in the BWI model and of
S20, DRI and SJ in the HGI model further reinforces
the link between the DNN outputs and the underlying
drilling and cutting processes. High CAI values
indicate strongly abrasive rocks, which typically cause
higher tool wear and require more energy during
grinding, in line with their positive contribution to
BWI prediction. In the HGI context, high S20 and DRI
values signify rocks that fragment more readily under
crushing and percussion, consistent with the observed
positive relationship between these indices and
grindability. The fact that the DNN assigns relatively
low importance to ot and ESD in both models is also
coherent with the correlation analysis, suggesting that
these parameters introduce limited additional
information beyond what is already captured by oc
and the drilling-related indices.

The statistical summary of model performance
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Table 6 Feature importance analysis for optimized models.

Variable BWI Model HGI Model
Importance Rank Importance Rank
oc 0.68 1 0.78 1
CAI 0.76 2 - -
S20 - - 0.89 2
DRI - - 0.91 3
SJ - - 0.83 4
Table 7 Optimized model performance metrics.
Model Dataset R? RMSE MAE Improvement
BWI Test 0.96 0.49 0.42 +0.08 R?
HGI Test 0.96 2.21 1.52 +0.02 R?

before and after feature optimization is given in
Tables 4 and 7. In general terms, the initial full-feature
models yield R? values in the range of approximately
0.7-0.8 for BWI and around 0.95 for HGI on the
selected train—test split. After correlation-guided
feature elimination, the optimized BWI configuration
achieves a noticeable improvement in test-set
accuracy (with R? rising into the mid-0.8 range), while
the optimized HGI model maintains very high R?
values around 0.95-0.96. At the same time, the cross-
validation experiments clearly show that these
apparent gains at single splits must be interpreted with
caution: for both indices, but especially for BWI,
performance remains sensitive to how the limited
sample set is partitioned, and global R? values under
K-fold and LOOCYV can be significantly affected by a
few extreme cases.

These observations highlight several important
limitations and assumptions of the present study. The
most critical limitation is the small dataset size
(24 samples), which constrains the statistical power of
both training and validation and amplifies the
influence of individual outliers. A second limitation is
the restricted lithological diversity, as the samples are
confined to sandstone and siltstone from a single basin
(Zonguldak); as a result, the models cannot be
assumed to apply directly to other lithologies or
geological settings without additional calibration.
Furthermore, no temporal effects (e.g., weathering or
long-term environmental changes) were explicitly
modelled, and the validation was performed entirely at
the laboratory scale rather than under full industrial
operating conditions. The modelling framework also
assumes that the laboratory tests provide
representative and unbiased measurements of the
relevant rock properties and that measurement errors
are small compared to the natural variability of the
samples.

Despite these constraints, the comparison with
previous grindability studies summarized in Table 8
shows that the proposed DNN-based approach
achieves prediction accuracies that are comparable to,
and in the case of HGI slightly better than, those
reported for classical regression and ANN models.
Earlier ANN-based work typically reported R? values
in the range of about 0.85-0.91 for multi-parameter
grindability prediction, whereas the present models
reach test-set R? values of roughly 0.8-0.86 for BWI
and about 0.95-0.96 for HGI on the most
representative splits. Combined with the explicit
feature-selection  strategy, the cross-validation
analyses and the physically interpretable feature-
importance results, this indicates that DNNs offer
apromising and flexible framework for linking
routine rock mechanical and index tests with
grindability indices.

In practical terms, the developed models can
support rapid, laboratory-based estimation of BWI and
HGI, assist in energy-efficient comminution design
and contribute to the integration of data-driven rock
characterization into modern mining workflows, while
also providing a transparent baseline for future studies
that will extend the approach to larger and more
diverse datasets.

CONCLUSIONS

In this study, Deep Neural Networks (DNN)
were employed to predict the Bond Work Index (BWI)
and Hardgrove Grindability Index (HGI) from
routinely measured mechanical and index parameters
of coal surrounding rocks from the Zonguldak Basin.
The final models achieved high prediction accuracy,
with R? values reaching approximately 0.8-0.86 for
BWI and up to about 0.95-0.96 for HGI on
representative train—test splits, while additional K-fold
and leave-one-out validations confirmed that HGI can

Table8  Comparison with previous studies.

Study Method Rock Type R? Range Sample Size
Aras et al. (2020) ANN Various 0.85-0.91 45
Present Study DNN Sandstone/Siltstone 0.96-0.97 24
Abdelhaffez (2012) Regression Saudi ores 0.81 15
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be modelled more robustly than BW1 for the available
dataset. Systematic feature selection based on
correlation and Variance Inflation Factor (VIF)
analysis improved the generalization of the models
and consistently identified compressive strength (oc)
as the dominant predictor for both grindability indices,
in agreement with the fundamental energy—strength
relationship in comminution.

The proposed DNN-based framework provides
a cost-effective alternative to extensive grindability
testing and offers a practical tool for rapid estimation
of BWI and HGI from standard laboratory
measurements. By embedding the trained models into
automated rock characterization workflows and
predictive control loops in grinding circuits, it
becomes possible to support dynamic adjustment of
operating parameters, improve energy efficiency and
optimize equipment selection for specific rock types.
In this sense, the models developed here can serve as
decision-support components within modern, data-
driven comminution design and operation strategies.

Future work should focus on extending the
dataset to a broader range of lithologies and geological
settings, exploring data augmentation and ensemble
deep learning schemes to further stabilise predictions,
developing real-time implementations suitable for
plant-scale monitoring and control, and validating the
current models against independent datasets from
different mining districts. The modelling workflow
has been designed for reusability, and all key training
and optimization settings are documented so that the
approach can be adapted to other datasets and
industrial materials. Overall, the study provides new
insight into the coupled influence of mechanical and
index parameters on rock grindability and represents
a meaningful step towards more energy-efficient,
Al- assisted mining and mineral processing.
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