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Abstract

The wear of the excavator bucket teeth is a significant operational issue in the mining industry, negatively impacting material
production and increasing costs. Accurate prediction of this wear is crucial in mitigating its effects. This study introduces, for
the first time, a hybrid intelligent approach that leverages four metaheuristic optimisation algorithms: Imperialistic Competitive
Algorithm (ICA), Grasshopper Optimisation Algorithm (GOA), Antlion Optimiser (ALO), and Artificial Fish Swarm
Algorithm (AFSA), to optimise the parametric weights of the Extreme Gradient Boosting (XGBoost) technique, enhancing its
ability to predict excavator bucket tooth wear. The hybrid models, named ICA-XGBoost, GOA-XGBoost, ALO-XGBoost,
and AFSA-XGBoost, were developed using a data set of 579 wear records from a surface mine in Ghana. Furthermore, the
study implemented standalone models, such as XGBoost, Gradient Boosting Regressor (GBR), Random Forest (RF), and
Categorical Boosting Regressor (CatBoost), to benchmark the performance of the various hybrid XGBoost models. To evaluate
the predictive performance of these models, six statistical metrics were employed: Variance Accounted for (VAF), Mean
Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Square Error (MSE), Correlation Coefficient (R), and
Coefficient of Determination (R?). In addition, the Akaike Information Criterion (AIC) was used to identify the most effective
model. The results demonstrated that ICA-XGBoost outperformed the other models, achieving the lowest MAE, RMSE and
MSE values (0.065536, 0.050359, and 0.002536, respectively) as well as the highest VAF, R, and R? values (99.9997,
0.999998, and 0.999996, respectively). Furthermore, ICA-XGBoost exhibited the lowest AIC value (-447.060), confirming its
superior predictive capability for the wear of excavator bucket teeth. Finally, after evaluating the various models, a sensitivity
analysis was performed to assess the influence of the input variables.

Keywords: Imperialistic Competitive Algorithm, Extreme Gradient Boosting, Excavator Bucket Teeth, Wear,
Metaheuristic Optimisation

1 Introduction prediction models is essential to assist maintenance
engineers in the mining industry.

Excavators play a crucial role in surface mining

operations by excavating and transporting large A variety of laboratory studies have focused on
quantities of blasted ore and waste materials, even in improving the durability of excavator bucket teeth to
challenging environments. The excavator bucket, reduce maintenance needs and operational
equipped with cutting teeth, faces severe wear due downtime. For example, Singla (2012) concentrated
to its constant contact with abrasive rock and soil. on enhancing the durability of excavator bucket
This wear primarily results from two mechanisms: teeth to minimise their replacement frequency.
abrasive wear, which occurs as hard particles scratch Similarly, Bolobov et al. (2020) conducted a
against the bucket teeth, and impact wear, caused by comprehensive analysis of the effects of high-
the high impact forces during excavation (Ren et al., temperature thermomechanical treatment on steel
2019; Hawk et al., 2002; Singh et al., 2013). Over structures, aiming to strengthen the bucket teeth
time, these wear mechanisms lead to a significant assembly. Other material-based studies, such as
deterioration of the bucket teeth, affecting the those by Keles and Yildirim (2020), evaluated the
excavator’s  performance  and  increasing impact of titanium (Ti) additions (0.15-0.20 wt%)
maintenance costs. Efficient management of wear is on the wear resistance of bucket teeth, while Suryo
crucial for optimising the operational efficiency and et al. (2018) explored optimal heat treatment
economic feasibility of mining operations, as it settings for mild carbon steel to improve wear
impacts both productivity and cost-effectiveness resistance. Despite these contributions to enhancing
(Holmberg et al., 2023; Holmberg et al., 2017). durability, these laboratory studies primarily focus
Therefore, the development of effective wear on material properties under controlled conditions,

which often do not reflect the dynamic and
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unpredictable wear encountered in actual mining
environments. Moreover, these studies lack
predictive insights into wear over time, which is
crucial for maintenance engineers in the mining
industry.

In addition to laboratory experiments, numerical
analysis techniques have been employed to assess
the strength and durability of excavator bucket teeth.
Kumar and Alam (2016) numerically examined the
impact of stress on fixed joints of bucket teeth in
large-scale excavators, such as the P & H 1900
electric shovel and Kartex-10 mining shovel. While
valuable in understanding stress distributions, these
studies did not focus on wear predictive modelling.
Zhang (2016) used discrete element modelling to
evaluate the performance of bucket teeth on the WK-
75 rope shovel, focusing on stress and material
endurance. Yu et al. (2018) expanded this approach
by using EDEM software to simulate the influence
of the number of bucket teeth on the drag forces
experienced during excavation. Choudhry (2020)
further explored the durability of bucket teeth at the
Boliden Aitik copper mine, noting that the middle
teeth were subjected to the highest levels of
mechanical stress. While these numerical studies
offer important insights into the structural durability
of excavator bucket teeth, they are often
computationally intensive and lack real-time
predictive capabilities for variable field conditions
(Rackl et al., 2017).

Despite the insights gained from both laboratory and
numerical studies, a significant gap remains
untapped in the ability to predict wear of excavator
bucket teeth in real-world scenarios. The reviewed
approaches primarily focused on improving
durability, without offering insights into the
prediction of excavator bucket teeth wear under
actual operational conditions. To address this gap,
this study proposes the development of predictive
models using advanced machine learning
techniques, shifting the focus from durability testing
to real-time wear prediction. Specifically, the
research emphasises the need for models that can
predict wear based on key excavation parameters
such as rock compressive strength, quartz content,
interaction duration, and rock fragment sizes. These
factors significantly influence wear patterns, and
their integration into predictive models is essential
for optimising the usage of excavator bucket teeth
(Dong et al. 2023).

In recent years, artificial intelligence (Al) has
demonstrated significant potential in predictive
analysis for industrial applications by efficiently
modelling complex relationships in large datasets
(Colantonio et al., 2021; Cheng et al., 2020; Cheng
et al., 2022). A commonly used Al technique is the
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extreme gradient boosting (XGBoost), known for its
ability to approximate intricate mappings between
input and output features. However, despite its wide
applicability, XGBoost has limitations, including its
susceptibility to local minima during training, which
can result in suboptimal predictions. To overcome
this challenge, metaheuristic algorithms have been
developed to optimise the training process, enabling
more accurate predictions by locating global optima
(Chong et al., 2021; Carvalho et al. 2011, 2005;
Tran-Ngoc et al., 2021; Ojha, 2017; Askarzadeh and
Rezazadeh, 2013; Mirjalili, 2019). Metaheuristics,
particularly swarmed-based and evolutionary
methods, have demonstrated significant promise to
improve prediction accuracies in  various
engineering applications (Hussain et al., 2019; Han
et al., 2019; Qiu et al., 2022; Monga et al., 2022),
making them well-suited for adoption in this
research to predict excavator bucket teeth wear.

In light of this insight, the study introduces and
assesses new hybrid models that integrate
metaheuristic algorithms with XGBoost to predict
wear on excavator bucket teeth. To develop the wear
prediction models in this research, metaheuristic
algorithms are specifically employed as surrogate
training algorithms to fine-tune the parametric
weights and biases of the XGBoost model. For the
first time, the performance of four hybrid models:
ICA-XGBoost (Imperialist Competitive Algorithm-
XGBoost), GOA-XGBoost (Grasshopper
Optimisation Algorithm-XGBoost), ALO-XGBoost
(Ant Lion Optimiser-XGBoost), and AFSA-
XGBoost (Artificial Fish Swarm Algorithm-
XGBoost) will be evaluated for their effectiveness
in predicting excavator bucket teeth wear. These
optimisers (ICA, GOA, ALO, and AFSA) have been
selected due to their demonstrated success in helping
the model development better fit the data and
improve prediction accuracy (Duan et al., 2021;
Afzal et al., 2024; Pradeep et al., 2022; Alhndawi et
al., 2024; Jahed Armaghani et al., 2016). The
predictive performance of these four hybrid models
will be compared against the standalone XGBoost
and other machine learning methods, including
Gradient Boosting Regressor (GBR), Random
Forest (RF), and Categorical Boosting Regressor
(CatBoost), to assess their robustness and suitability
for wear prediction in mining operations. The
selection of GBR, RF, and CatBoost as baseline
techniques for comparison in this study is based on
their proven performance and widespread use in
predictive modelling tasks, particularly in the
context of handling non-linear relationships and
complex datasets (Qui et al., 2022; Zhou et al.,
2024; Mustapha et al., 2024; Jia et al., 2022; Ha et
al., 2021; Song et al., 2024).

GJT Vol. 9, No. 1, March, 2025



The main contributions of this paper are as follows:
First, it explores the effectiveness of four novel
metaheuristic optimisation algorithms, including
ICA, GOA, ALO, and AFSA, in enhancing the
predictive performance of the XGBoost model for
predicting excavator bucket teeth wear. Second, the
research assesses and compares the prediction
outcomes of these metaheuristic-based hybrid
models (ICA-XGBoost, GOA-XGBoost, ALO-
XGBoost, and AFSA-XGBoost) with the standalone
XGBoost model, as well as three additional baseline
models: GBR, RF, and CatBoost. Lastly, it performs
a sensitivity analysis on the input features to identify
the parameter that has the greatest impact on the
wear of excavator bucket teeth.

2 Resources and Methods

2.1 Study Area

The study was carried out at an open-pit mine
located in Ghana. More precisely, the site is situated
roughly 133 km to the west of Koforidua, which is
the regional capital, and around 3 km to the west of
New Abirem, the district capital. According to Kaba
(2013), it is located approximately 180 km
northwest of Accra. Tarkwaian sediments,
comprising conglomerate, sandstone, and phyllite,
are found in the northwestern section of the mining
area, where they unconformably overlay the
Birimian volcanic belts. Figure 1 illustrates the
precise position of the study site.
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The mining operation features a fleet comprising
two Liebherr 9400 hydraulic shovels and two
hydraulic backhoes for mucking. It also includes
eighteen Caterpillar 785 rear dump trucks, each
capable of transporting up to 134 tonnes of ore to
stockpiles or crushers, or moving non-economical
blasted materials to the waste dump. The loading
process uses a single backup loading method and
involves excavating a 9-metre bench through a
series of 3-metre sequential flitch excavations. The
mine operates seven Pantera drill rigs: five with 165-
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mm drill bits, primarily for blasting, and two with
115-mm drill bits, mainly for wall control holes. A
staggered drill design is employed, with a burden
and spacing of 4.0 m x 4.0 m in the ore zone and 5.2
m x 5.2 m in the waste zone.

2.2 Data Description

A dataset consisting of 579 historical data points,
gathered over a period of 289.5 effective working
days, was utilised for the development of predictive
models. The dataset contained a number of
variables, including the digging duration during
rock-tool interaction (DD), the equivalent quartz
content (EQC), the average rock fragment sizes
(FS), and the uniaxial compressive strength (UCS).
These factors served as input parameters, with the
average wear of excavator bucket teeth (W) at five
positions as the output parameter. The
FRAGTrack™ device, incorporating sophisticated
image processing technology, was installed on the
excavator's rollover protection structure (ROPS) to
capture and analyse rock fragment sizes. The
measurements of average fragment sizes were
utilised for the developing of the model. The study
examined the operation of a Liebherr 9400
excavator in an area characterised by phyllite,
sandstone, and greywacke rock formations. The
uniaxial compressive strength was tested in
accordance with the norms set by the International
Society for Rock Mechanics (ISRM) (Aydin, 2014),
while the equivalent quartz content was assessed
using X-ray diffraction tests. The duration of the
excavator's cycle, which includes the time it takes to
scoop with the bucket, was tracked using a dispatch
system that relies on GPS technology. The
longitudinal dimensions of the bucket teeth were
measured as they wore down, using a ground-
engaging tool (GET) measurement device,
essentially a well-graded or calibrated ruler.
Measuring the on-site wear of excavator bucket
teeth is crucial in this research, as it provides
essential data for understanding wear patterns. It
offers direct, practical insights into actual working
conditions, aiding in the development of more
reliable predictive models. The dataset's statistical
features are presented in Table 1, while Figure 2
depicts the correlation matrix among the variables.
Table 2 presents a sample of the datasets collected
for this study.

GJT Vol. 9, No. 1, March, 2025



Table 1 Statistical Features of the Data

WEAR (mm)

Variables %
Q
Parameters , z 10
(Unit) Category | Mean | Min | Max
DD (min) 298.2 | 164.3 | 407.6 05
FS (em)| -0.592 0.613 | 0.602 | 0.491
FS (cm) Inout 222 | 122 | 418 ...
npu
UCS (MPa) P 87.1 | 58.0 | 157.0 UCS (MPa) 0
EQC (%) 354 | 24.0 | 60.0 EQC 0%
0.5
Wear (mm) Output 36.1 | 24.0 | 56.0
WEAR (mm)
-1.0
Fig. 2. Correlation Matrix for the Dataset
Table 2 Sample of Datasets
Symbol DD FS UCS EQC w
1 315.40 16.20 58 24 29
2 258.40 22.58 128 54 45
3 209.35 29.18 157 60 55
4 335.75 17.60 58 24 29
5 185.68 28.10 157 60 54
6 290.23 23.69 128 54 46
7 331.38 14.99 58 24 29
Datapoint 8 178.50 35.58 157 60 52
9 322.63 28.92 58 24 25
10 293.65 23.09 128 54 48
11 192.47 29.17 157 60 51
12 341.53 20.10 58 24 29
13 261.30 23.67 128 54 47
14 356.58 15.59 58 24 33
15 186.05 26.97 157 60 54
i. Initialise Empires and Search Spaces:

2.3 Methodology

This section provides a brief overview of the
optimisation techniques employed in this study,
along with standalone extreme gradient boosting
and baseline non-hybrid models.

2.3.1 Imperialistic Competitive Algorithm (ICA)

The Imperialist Competitive Algorithm (ICA) was
introduced by Atashpaz-Gargari and Lucas (2007)
as a simulation of human social evolution to address
optimisation problems. Recognised for its high
performance in decoding continuous functions, ICA
is a global search algorithm rooted in imperialist
competition and social dynamics (Hosseini et al.,
2014; Elsisi, 2019; Zadeh Shirazi and Mohammadi,
2017). The algorithm operates on the principle that
the strongest empire can dominate various colonies
and their resources. When an empire falls, other
territories vie to claim the land. The fundamental
process of ICA can be outlined in the following eight
steps:
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Randomly generate initial empires and their
associated search spaces;

ii. Colony Assimilation: Adjust the positions of
colonies based on their respective empire
locations;

iii. Revolutionary Changes: Implement random
modifications to each empire’s features as a
form of revolution;

iv. Territorial Swapping: A colony with a superior
position may rise to control the empire,
replacing the previous empire;

v. Empire Competition: Empires compete to seize
control of each other's colonies;

vi. Elimination of Weaker Empires: Weaker
empires are defeated and eliminated, along with
their colonies, applying natural selection
principles; and

GJT Vol. 9, No. 1, March, 2025



vii. Termination Check: Assess whether the
stopping criteria are met. If so, conclude the
process; otherwise, return to the colony
assimilation step (Step 2).

2.3.2 Grasshopper Optimisation Algorithm (GOA)

In this technique, the exploration process is
modelled after the erratic movements of
grasshoppers when searching for food, while the
exploitation process simulates their behaviour of
moving toward and consuming food at a local source
(Mafarja et al., 2018). These behaviours are
naturally exhibited by grasshoppers. The algorithm
captures these behaviors using a location update
formula. The position of each grasshopper is
updated based on its current location, the global
target value, and the locations of other grasshoppers.
The updated mathematical model for simulating
grasshopper positions in a D-dimensional space is as

follows:
}.(g;%(dij)j I €Y

where the position vector of the i-th grasshopper is
denoted as A;; the parameter cn, analogous to the
inertial weight in the particle swarm technique,
helps maintain a balance between the exploration
and extraction activities of the entire group around
the target; € and 5 represent the upper and lower
limits of the search range, respectively; k is the
attraction function; dj =| a - a; | represents the
distance between the i-th and j-th grasshoppers; a;
and a; are the location vectors of the i-th and j-th
grasshoppers, respectively; the current ideal goal
value sought is denoted as Tq; and the parameter ¢,
represents the decreasing coefficient of the
repulsive, contraction comfort, and attraction zones.
The computation formula is as follows:

A=c, ic{ald_""

=i

C

. —C
C, =-mn__mx(t)+c 2
C (t) +C,x )

n

The variables in the Equation (2) are defined as
follows: Cmax represents the highest possible value, t
represents the current number of iterations, L
represents the maximum number of iterations, and
Chin represents the lowest possible value.

Ue " = k(r)—e ©)

where k(r) represents the function of attraction
between objects, u represents the intensity of this
attraction, r represents the distance between the
objects, and 7 represents the maximum range of this
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attraction. When the function k(r) yields a positive
value, the grasshoppers exhibit attraction towards
one another, creating an attraction zone. When the
function k(r) has a value below 0, grasshoppers are
in a condition of exclusion from one another, which
is known as the repulsion zone. Equation (4)
represents the distance that separates j-th and i-th
grasshoppers.

d, =[a,-a] (4)

Equation (5) represents the unit vector that goes
between the i-th grasshopper to the j-th grasshopper.

_&a (5)
d, d

The model leverages the interaction among
grasshoppers to progressively move toward and
eventually access the food source (Mafarja et al.,
2018). This is accomplished through a linearly
decreasing mechanism that fine-tunes parameters to
search for the optimal global value.

2.3.3 Ant Lion Optimisation Algorithm (ALO)

Mirjalili (2015) came up with an algorithm called
Ant Lion Optimiser (ALO) that is based on nature
and copies the way ant lions hunt in their natural
environment. The ALO algorithm also finds better
optimal designs for most standard problems in
engineering, which shows that it can be useful for
finding solutions with limited search spaces. The
main idea behind the ALO algorithm comes from
how antlion's larvae finds food. Two important steps
in the life cycle of ALO are the larvae phase and the
adult phase. When they are larvae, ant lions hunt,
and when they are adults, they reproduce. The larvae
stage is where the ALO algorithm got its idea.

Ant lions move in a circle and throw sand out with
their sharp jaws to make a cone-like hole in the sand.
Once the hole is dug, the larvae wait for the prey or
ant. No matter how hungry the ant lion is or how big
the moon is, the size of the trap will change. Larger
moons or levels of hunger mean bigger traps, and
smaller moons mean smaller traps. It is easy for pray
to fall into the cone if it hits the top. If the ant lion
finds the prey in the trap, it will definitely catch it.
There are five major steps in the ALO algorithm:
ants moving randomly, setting up a trap, ants getting
caught in the trap, catching prey, and setting up the
traps again (Mirjalili, 2015).

2.3.4 Artificial Fish Swarm Algorithm

The Artificial Fish Swarm Algorithm (AFSA) is a
local optimisation technique that enhances the
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ability to exploit the search space. In biological
terms, fish can locate more nutritious areas through
individual search or by following another fish.
Generally, areas with a higher concentration of fish
are the fullest of nutrients. AFSA is an effective,
parallel and random search method that was first
proposed by Neshat et al. (2014). The technique
simulates fish behaviors such as preying, swarming,
and following to achieve the global best solution
through the local exploration of fish individuals.
Each artificial fish's position signifies a potential
solution. The present position of artificial fish i is
denoted as F; = (fir, fio, ..., fin). The fitness of artificial
fish i at this position is represented by P; = f(F;), with
Pi being the objective function. The updated position
F can be described as follows.

stepx (F, —F)

©)
|7 -l

F =F +Rand()x

Here, the function Rand ( ) generates a random
number between 0 and 1. The variable step
represents the length of each movement, whereas F;
is the position within the visible range. Here, F; is
characterised by several behaviors as follows
(Neshat et al. 2014):

i. Following: The artificial fish engages in trailing
behaviour by following a neighboring fish
within its visual range that has discovered the
most reliable food source, in order to find
additional food. The position of the partner with
the highest food consistency is visible within the
fish’s field of vision;

ii. Swarming: The artificial fish exhibits a
tendency to cluster around the center of a group,
similar to the behavior observed in natural
organisms. This swarming behavior helps
enhance the survival of the group and reduces
potential threats, serving as the focal point of the
gathering; and

iii. Preying: The artificial fish uses its vision or
sensory capabilities to detect food sources and
make movement decisions based on the
consistency of food availability. When it
identifies an area with a higher concentration of
food, it will immediately move toward that
location.

2.3.5 Extreme Gradient Boosting (XGBoost)

XGBoost is a computational package that integrates
a novel algorithm with gradient-boosting decision
trees techniques, as proposed by Chen et al. (2015),
to effectively enhance gradients. XGBoost, which is
based on the concepts of regression and
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classification trees, is a highly successful approach
for solving classification and regression constraints
(Zhang et al., 2022; Zhou et al., 2015).

The objective function of XGBoost is comprised of
two main components after optimisation. These
components capture the deviation and include a
regularisation term designed to prevent overfitting
(Chen and Guestrin, 2016). Given a dataset
D= {(x.,y,)}with n samples and m features, the

predictive model is an additive model consisting of
k basic models. The results of the sample predictions
are as follows:

p= > f(a).f, ™)
(={f(@=w,(a)}h:R" >K, w, eR")
(®)

where p denotes the prediction label, a;represents a
specific sample, and f;(a;) denotes the predicted

score for that sample. The symbol ¢ stands for the set
of regression trees, which are the parameters of h.
The symbols f(a) and w refer to the weight of the
leaves and the number of leaves, respectively. The
objective function of XGBoost includes both the
standard loss function and a term for model
complexity, which together assess the algorithm's
operational effectiveness. The second term in
Equation (9) corresponds to the standard loss
function, while the last term addresses the model’s
complexity.

Obj= Y0(p, P+ @)+A(L) O

B(f)=(05xwx1)+Ky (10)

In these formulas, i represents the index of samples
in the dataset, and z denotes the total number of data
points fed into the t-th tree. The parameters y and A
are used to regulate the complexity of the tree. The
regularisation term helps to prevent overfitting and
smooth the final network weights. For more detailed
information, refer to the research by Chen and
Guestrin (2016).

2.3.6 Gradient Boosting Regressor (GBR)

The GBR model has recently become a popular
choice for its effectiveness in machine learning.
GBR excels with structured data, which is typically
organised into rows and columns, and is particularly
suitable for datasets of moderate size, generally up
to a few million records. As an ensemble technique,
GBR builds a series of decision trees sequentially
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rather than in parallel. Each tree in GBR learns from
the errors of the previous one, and by combining the
outputs of many weak learners, GBR creates a
robust ensemble model using Gradient Descent.
This iterative approach focuses on reducing errors,
although it can occasionally lead to overfitting if
outliers are overemphasised (Zhang and Haghani,
2015).

2.3.7 Random Forest (RF)

The Random Forest, an ensemble machine learning
method that falls within the decision tree category
was developed by Breiman (2001). Suitable for both
regression and classification tasks, the RF regressor
is specifically designed for regression problems. It
operates by generating multiple decision trees
through a technique called bootstrapping, or
bagging, and then averaging their predictions to
derive the final outcome. This involves creating a
source matrix from various features of the training
data, building a set of K regression trees, and
computing the average of their predictions
(Breiman, 2001; Guo et al., 2010; Rodriguez-
Galiano et al., 2015). While the RF regressor is
known for its accuracy, it often requires longer
training times compared to single decision trees due
to the large number of trees it constructs, making it
a more complex model (Mbaabu, 2020).

2.3.8 Categorical Boosting (CatBoost)

CatBoost, a recent gradient boosting technique
introduced by Prokhorenkova et al. (2018), excels in
handling categorical features with minimal
information loss. It stands out from other gradient-

boosting methods by incorporating ordered
boosting, a specialised variation designed to address
target issues (Dorogush et al., 2018). This approach
proves especially effective for datasets with limited
size. CatBoost processes categorical features by
converting them into numerical values during pre-
processing. Bakhareva et al. (2019) have shown that
CatBoost efficiently manages various data types and
formats. It has been successfully applied across
different fields, including fault classification (Ogar
etal., 2022), and for analysing time series data (Diao
et al., 2019; Fan et al., 2020). Notably, CatBoost
replaces the original variable with a binary attribute
for each category and uses random permutations to
estimate leaf values during tree structure selection,
which helps mitigate overfitting commonly
associated with traditional gradient boosting
algorithms. CatBoost relies on binary decision trees
as its core predictor. The output estimation, as
defined by Huang et al. (2019), is as follows:

P=C(xi)=Zj:bj {x=R/} (11)

where C(x;) represents a decision tree operator that
depends on the variables that explain the phenomena
Xi. Rj refers to the disjoint zone that corresponds to
the leafy part of the tree.

2.4 Model Development and Selection
The workflow used to set up the hybrid and

standalone Al models in the present investigation is
depicted in Figure 3.

.. |l DEVELOPMENT OF MODELS |
Training | IcAXGBoost -
— Datasets -pﬂ I
(80%) |l — GOA-XGBoost — I
| L ALOXGBoost - |
[
o || — AFSA-XGBoost — :
WEAR |l | . Comparison of
ﬂ ——  XGBoost —Iﬁ\ Models
DATABASE | I
ﬂ Bl | Statistical
ﬂ — RF — Indicators
Model Selection
|l L—  CatBoost — |
ity Information
gl Criterion
(20%)
Fuwre Optimal Hyglrld XGBoost
Prediction

Optimal Standalone Model

Fig. 3 Workflow Adopted in This Study to Predict Wear of Excavator Bucket Teeth
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2.4.1 Developed Hybrid Models with Optimisation

The data was split into training and testing sets using
a holdout cross-validation method for the
development of optimised hybrid models (ICA-

XGBoost, GOA-XGBoost, ALO-XGBoost, and
AFSA-XGBoost). Specifically, 80% of the 579 total
dataset points were randomly selected for model
development, while the remaining 20% were
reserved for model evaluation. These models were
built using the XGBoost framework, focusing on
finding the optimal values for parametric weights
and biases to minimise errors. Given the stochastic
nature of the optimisation methods (ICA, GOA,
ALO, and AFSA), performance varied with each
run, and this procedure was iterated till the optimal
solution was achieved. The optimal factor settings
for each optimiser (ICA, GOA, ALO, and AFSA)
are summarised in Table 3.

2.4.2 Developed Standalone Models

A grid search was employed to systematically find
the optimal parameter combinations by varying step
sizes for the standalone models. This method,
widely used for hyperparameter optimisation (Chen
etal., 2018; Fan et al., 2020), explores a predefined
range of values to fine-tune parameters. In this
study, three parameters for the XGBoost model were
optimised: the number of trees (100 to 1000), the
maximum tree depth (2 to 40), and the learning rate
(0.002 to 0.4). For the Gradient Boosting Regression
(GBR) model, the grid search focused on tuning two
parameters: the number of rounds, ranging from 50
to 500 with a step size of 50, and the maximum tree
depth, ranging from 2 to 40 with a step size of 5.
This study involved tuning two parameters: the
number of rounds, which went from 50 to 500 with
a step size of 50, and the maximum tree dimensions,
which ranged from 2 to 40 with a step size of 5, for
the random forest model. The CatBoost model was
trained with varying settings, including the number
of rounds (100 to 600, increasing by 100), the
maximum tree depth (2 to 20, increasing by 2), and
the subset ratio of the datasets (0.5 to 1, increasing
by 0.05).

2.5 Model Performance Assessment

The prediction accuracies of the derived predictors
were evaluated using statistical indicators. The
metrics used in this analysis were variance
accounted for (VAF), mean absolute error (MAE),
root mean square error (RMSE), mean square error
(MSE), correlation coefficient (R), and coefficient
of determination (R?). These measurements assess
the accuracy, association, and fit between expected
and observed data. Smaller values of MAE, RMSE,
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and MSE imply superior performance, whereas
larger values of R and R? indicate strong
relationships. The mathematical expressions for
these measures are denoted by Equations (12) to
(17) (Kong et al., 2018; Kanake and Ahuja, 2022).
In addition, the Akaike information criterion (AIC)
(Bozdogan, 1987) (Equation (18)) was used as a tool
for model selection in order to choose the most
accurate technique.

VAF = {M}mo (12)
var(T,)
MAE = %xi| LT (13)
RMSE =«/%xi(h Ty (14)
1 @ ,
MSE = =x> (L, -T,) (15)
m 5=
Z(LI _Tav)(Li _Tav)
R — i=1
~ - (16)
Z(LI _Tav)2 X\/Z(LI _Tav)2
i=1 i=1
2
Z(LI _Tav)(Li _Tav)
R2 _ i=1 (17)

i(LI _Tav)2 X i(LI _Tav)2

AIC=m {In(%xi(l_i —Ti)zﬂ+2y
7 (18)

The assessment metrics taken into account include
features such as the overall count of samples for
testing (m), observed values (Li), response values
(Ti), averaged of observation values (La), and
average of response data (Tay).

3 Results and Discussion

This study presents novel methods to enhance the
optimisation of XGBoost for accurately predicting
of wear in excavator bucket teeth utilised in surface
mining settings. To ascertain the most efficient
solution, four optimisation algorithms (ICA, GOA,
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ALO, and AFSA) that draw inspiration from nature
were utilised. The metaheuristic algorithms were
utilised to optimise the mathematical relationship
within the XGBoost framework, with the objective
of reducing errors and enhancing prediction
accuracy.

Table 3 displays the adjusting or regulating factors
and their respective values for each optimisation

technique that yielded the most optimal outcomes,
whereas Table 4 presents the optimal values of the
hyperparameters which were fine-tuned in the
standalone models. High Performance desktop
computer system equipped with 64 GB of RAM and
a 3.2 GHz processor was employed to run the
individual models using the Matrix-based and
Python programming languages

Table 3 Optimal Settings of the Optimisation Regulating Factors
Algorithm Parameter Value
Number of Empires 15
Number of Countries 100
Revolution Rate 0.07
ICA
Colonial Competitive Rate 0.5
Damping Coefficient 0.95
Assimilation Coefficient 1.6
Number of Grasshoppers 11
Iterations 200
GOA
Attraction Coefficient 0.5
Convergence Rate 0.7
Search Agents (Ant lions) 4
Iterations 200
ALO Hidden Neurons 25
Lower Bound -1
Upper Bound 1
Population Size (Artificial Fish) 50
Iteration 300
Visual Distance 2.5
AFSA
Crowd Factor 0.7
Try Number 10
Prey Probability 0.8
Table 4 Optimal Settings of the Standalone Regulating Factors
Algorithm Parameter Value
Number of Trees 500
XGBoost Maximum Tree Depth 15
Learning Rate 0.1
) ) Number of Rounds 300
Gradient Boosting Regressor ;
Maximum Tree Depth 10
Number of Rounds 200
Random Forest :
Maximum Tree Depth 15
Number of Rounds 400
CatBoost Maximum Tree Depth 8
Subset Ratio of Datasets 0.8
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3.1 Comparison of Models

The predictive performances of all the methods
formulated were examined using the

Table 5 Evaluation Performance Results for the Developed Models Based on Testing Dataset

computational metrics given in Equations (12) to
(17). Table 5 provides the findings per the models
developed using the testing datasets.

Performance Metrics
Method
MAE RMSE MSE VAF R R?
ICA-XGBoost 0.065536 0.050359 0.002536 99.9997 0.999998 | 0.999996
GOA-XGBoost 0.070735 0.098158 0.009635 99.9802 0.999879 | 0.999758
ALO-XGBoost 0.096011 0.178916 0.032011 99.9670 0.999746 | 0.999492
AFSA-XGBoost 0.074586 0.102401 0.010486 99.9622 0.999794 | 0.999588
XGBoost 0.259175 0.443052 0.196295 99.8399 0.998257 | 0.996517
GBR 0.155537 0.265832 0.070667 99.8361 0.998684 | 0.997369
RF 0.104685 0.256134 0.065605 99.7701 0.998701 | 0.997403
CatBoost 0.203773 0.375224 0.140793 99.7500 0.998357 | 0.996716

A model is considered exceptional when it achieves
values near zero for the MAE, RMSE, and MSE
metrics. Table 5 presents the evaluation results,
where ICA-XGBoost emerged as the top performer,
exhibiting the lowest MAE, RMSE, and MSE
values. Specifically, ICA-XGBoost achieved MAE
of 0.065536 (Fig. 4), outperforming the other hybrid
models, GOA-XGBoost (0.070735), ALO-
XGBoost  (0.096011), and AFSA-XGBoost
(0.074586), as well as standalone models such as
XGBoost, GBR, RF, and CatBoost, which recorded
MAE values of 0.259175, 0.155537, 0.104685, and
0.203773, respectively. These findings suggest that
ICA-XGBoost provided the most accurate
predictions of the wear of excavator bucket teeth.

Furthermore, the RMSE values in Table 5 reveal that
ICA-XGBoost demonstrated a closer alignment
between the predicted and actual wear values
compared to other methods, with the lowest RMSE
of 0.050359 (Fig. 5). This further highlights its
superior predictive accuracy. In contrast, the RMSE
values of the remaining models ranged from
0.070735 to 0.259175, underscoring the lower error
margin of ICA-XGBoost.

The MSE results presented in Table 5 further
reinforce this trend. ICA-XGBoost had the smallest
error margin between predicted and observed wear,
with an MSE of 0.002536, followed by GOA-
XGBoost (0.009635), ALO-XGBoost (0.010486),
and AFSA-XGBoost (0.032011). These results
confirm the superior performance of the hybrid
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models over the
visualised in Fig. 6.

standalone approaches, as

In theory, a prediction model achieves perfection
when its VAF (Variance Accounted For) reaches
100%, indicating complete accuracy. All the models
listed in Table 5, both hybrid and standalone,
exhibited VAF values above 99%, affirming their
high predictive accuracy. Among them, ICA-
XGBoost produced the highest VAF value of
99.9997% (Fig. 7). The following models, in
descending order, were GOA-XGBoost
(99.9802%), AFSA-XGBoost (99.9670%), ALO-
XGBoost (99.9622%), RF (99.8399%), GBR
(99.8361%), CatBoost (99.7701%), and XGBoost
(99.75%).

Furthermore, Table 5 reveals that both the hybrid
and baseline models (ICA-XGBoost, GOA-
XGBoost, ALO-XGBoost, AFSA-XGBoost,
XGBoost, GBR, RF, and CatBoost) achieved R
values exceeding 0.9 (Fig. 8), indicating a strong
linear relationship between predicted and observed
wear values. ICA-XGBoost recorded an
exceptionally high R value of 0.999998, showcasing
the strongest correlation.

Consistently, the hybrid ICA-XGBoost model
outperformed all others in capturing the diverse
patterns within the dataset, delivering the highest
out-of-sample R? statistic of 0.999996. This result
underscores the model's ability to accurately
characterise the dynamic patterns of wear over time.
The R? values are visually presented in Fig. 9.
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3.2 Selection of the Best Performing Model

The Akaike Information Criterion (AIC) was used to
choose the most efficient model among the
techniques that were studied. The model or
technique that has the lowest AIC value is
considered the most favourable approach. A lower
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AIC value suggests a better fit to the observed data
compared to models with higher values. Based on
the AIC results presented in Table 6, it is clear that
the ICA-XGBoost technique demonstrates superior
performance compared to all other methods to
predict the wear of excavator bucket teeth in the
study mine. The ICA-XGBoost model, with an AIC
value of -447.060, which is the lowest among the
methods analysed in Table 6, confirms this
evaluation and establishes it as the technique of
choice above the GOA-XGBoost, ALO-XGBoost,
AFSA-XGBoost, XGBoost, GBR, RF, and
CatBoost methods. The result visualisation is
additionally illustrated in Fig. 10.

Table 6 AIC Results for the Various Applied

Models
Methods AIC Values
ICA-XGBoost -447.060
GOA-XGBoost -405.631
AFSA-XGBoost -361.263
ALO-XGBoost -328.721
RF -304.851
GBR -267.205
CatBoost -214.458
XGBoost -180.864
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Fig. 10 AIC Results of the Various Applied
Models

3.3 Sensitivity Analysis

A sensitivity analysis was conducted in this study to
assess the relative influence of input features,
including bucket digging duration (DD), mean
fragment sizes (FS), equivalent quartz content
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(EQC) of the fragmented rock mass, and the uniaxial
compressive strength (UCS) of the rocks, on the
output feature: the wear of excavator bucket teeth.
The significance of each input variable on the output
was quantified using the Cosine Amplitude Method
(Equation (19)) (Parsa et al., 2017).

M
ZDikRjk
S,= = (19)

Ee )R]

where S; represents the sensitivity index, Dik
denotes the input feature matrix, Rjk describes the
output feature matrix, k signifies the data sample
sequence number, and M exemplifies the total
number of datasets considered. Consequently, it is
crucial to note that the higher the sensitivity index of
an input feature, the greater its influence on the
output feature. The computed sensitivity indices for
these input features are presented in Table 7 and are
visually represented in Fig. 11.

Table 7 Sensitivity Analysis Results on Input
Features Used

Sensitivity

Input Feature Category Index
Digging Duration DD 0.8079

Mean Fragment Sizes FS 0.4910
Equivalent Quartz
Content EQC 0.9579
Uniaxial Compressive Ucs 0.9694
Strength
ucs I 0.9694
EQC | | 0.9579

DD [ 0:079

FS N 0.4910

0.00 0.50 1.00

Sensitivity Index

Fig. 11 Influence of Each Parameter on Bucket
Teeth Wear

Figure 11 reveals that the input variables had a
significant impact on the excavator bucket teeth
wear. Uniaxial compressive strength had the highest
influence with a sensitivity index of 0.9694,
followed by equivalent quartz content (0.9579),
digging duration (0.8079), and mean fragment sizes
(0.4910), in descending order of importance.

GJT Vol. 9, No. 1, March, 2025



4 Conclusions

This study explores the application of four
metaheuristic optimisation algorithms (ICA, GOA,
ALO, and AFSA) as alternatives to the traditional
gradient-boosting tree algorithm for training the
parametric weights and biases of XGBoost. The
performance of the resulting hybrid models,
including ICA-XGBoost, GOA-XGBoost, ALO-
XGBoost, and AFSA-XGBoost, was assessed using
metrics such as MAE, RMSE, MSE, VAF, R, and
R2, After evaluation, these hybrid models were
compared against the conventional XGBoost
algorithm and three baseline machine learning
models (GBR, RF, and CatBoost) to determine their
technical superiority. In addition, the Akaike
Information Criterion (AIC) was applied to identify
the most effective predictive model. The bucket
teeth wear models were constructed using input
variables, including the equivalent quartz content of
blasted rock, rock fragment sizes, excavator digging
duration, and uniaxial compressive strength of the
rocks. The evaluation results showed that, ICA-
XGBoost achieved the lowest MAE (0.065536),
RMSE (0.050359), and MSE (0.002536). In
contrast, the other methods, including GOA-
XGBoost, ALO-XGBoost, = AFSA-XGBoost,
XGBoost, GBR, RF, and CatBoost, exhibited higher
MSE, RMSE, and MAE values, ranging from
0.0707 to 0.2592, 0.0981 to 0.4431, and 0.0096 to
0.1963, respectively. Furthermore, ICA-XGBoost
achieved the highest VAF (99.9997%), R
(0.999998), and R2 (0.999996) scores compared to
the other techniques. The AIC results further
reinforced the superiority of ICA-XGBoost, as it
recorded the lowest AIC value of -447.060, while
the other models exhibited AIC values between -
180.864 and -405.631. Based on all the assessments,
this study concludes that the hybrid ICA-XGBoost
model is the most effective for predicting on-site
excavator bucket teeth wear in mining operations.
This model demonstrated strong predictive
capability and can be adopted as a cost-effective tool
for the maintenance practices of excavator bucket-
teeth assembly in the mining industry. The
sensitivity analysis also demonstrated that the input
variables had a considerable impact on the output
feature, which is the wear of excavator bucket teeth.
However, uniaxial compressive strength emerged as
the most influential factor in predicting the wear of
the excavator bucket teeth.
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