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Abstract

This proposal outlines a machine learning-based approach aimed at improv-
ing productivity in haulage operations within open-pit mining. Since hauling
accounts for up to 60% of total operational costs, predictive models that enable
early intervention and optimization are of strategic importance. The proposed
methodology involves the use of Gaussian Mixture Models (GMM) for data
preprocessing and Random Forest algorithms for predictive modeling, com-
plemented by ensemble techniques such as Gradient Boosting and XGBoost.
The model is expected to be trained and evaluated using historical and real-
time operational data, including variables such as loading time, truck availa-
bility, material type, and travel distance. Evaluation metrics such as MAE,
RMSE, and R? will be used to assess predictive performance. The aim is to
build a framework that enables early warnings of productivity deviations and
supports real-time decision-making. This research seeks to contribute to Min-
ing 4.0 through the development of an interpretable and scalable tool for haul-
age optimization in real operational settings.
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1. Introduction

The open-pit mining industry faces significant challenges in optimizing loading
and hauling operations, critical components that represent between 50% and 60%
of the total mineral extraction cost. In this context, accurately predicting the
productivity of these systems has become a pressing need to improve operational

efficiency and reduce costs in global mining operations.
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At the international level, the problem of optimizing loading and hauling sys-
tems has been widely documented. [1] provided a comprehensive perspective on
the solution strategies used in truck dispatch systems for surface mines, identify-
ing the inherent complexities in the efficient management of mining fleets. This
problem is compounded by the stochastic nature of mining processes, where var-
iables such as ground conditions, weather, and the characteristics of the extracted
material introduce significant variability into cycle times. [2] conducted a com-
parative study of truck cycle time prediction methods in surface mining, high-
lighting the need for more accurate approaches to productivity estimation in these
operations.

The implementation of machine learning technologies has emerged as a prom-
ising solution to address these challenges. [3] evaluated predictive machine learn-
ing models for mineral prospectivity, comparing neural networks, random forests,
regression trees, and support vector machines, demonstrating the superiority of
these approaches over traditional methods. In the specific context of mining op-
timization, [4] applied random forest models using multi-year blast data from an
open-pit mine, demonstrating the ability of these algorithms to predict complex
outcomes in mining operations. Similarly, [5] employed machine learning meth-
ods to predict real-time truck travel times in open-pit mines, demonstrating the
viability of these technologies for operational optimization.

In the North American context, particularly in the oil sands operations of Al-
berta, Canada, significant research has been conducted on mining systems opti-
mization. [6] discussed the development of the Alberta oil sands, highlighting the
importance of a strong energy sector to ensure Canada’s future prosperity. This de-
velopment has driven the need to optimize large-scale mining operations, where
load-haul systems play a critical role. [7] improved production planning in oil
sands mining by analyzing and simulating truck cycle times, identifying specific
optimization opportunities in this type of operation.

The application of advanced machine learning techniques in the mining context
has shown promising results in various applications. [8] used GBDT, XGBoost, and
LightGBM algorithms to predict pillar stability in hard rock, achieving accuracy
levels superior to traditional methods. Similarly, [9] used gradient boosting re-
gression trees to estimate mineral grades, demonstrating the effectiveness of these
approaches in complex regression problems in mining. [10] developed ensemble
learning models to assess the strength of coal-slurry materials, demonstrating the
ability of these techniques to handle the inherent complexity of mining data.

A critical aspect of implementing machine learning in mining operations is the
handling of large volumes of data with complex characteristics. [11] addressed the
preprocessing of large datasets using Gaussian mixture modeling to improve the
prediction accuracy of truck productivity at mining sites, demonstrating the im-
portance of advanced data preparation techniques. This approach is particularly
relevant considering that mining operations continuously generate large volumes

of operational data that require efficient processing for use in predictive models.
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The optimization of shovel-truck systems has been the subject of extensive re-
search, recognizing its direct impact on mining productivity. [12] performed an
optimization of shovel-truck systems for surface mining, identifying critical pa-
rameters that affect operational efficiency. [13] compared truck-and-shovel sys-
tems versus mine haulage systems, evaluating the valuable operating time of each
configuration. These studies underscore the importance of systematic approaches
to optimizing loading and hauling operations.

The inherent variability in mining operations, particularly in truck cycle times,
has been identified as a critical factor affecting overall productivity. [14] devel-
oped a discrete event model to simulate the effect of truck clustering due to pay-
load variance on cycle time, transported materials, and fuel consumption. This
research highlighted the need to consider multiple interrelated variables in the
optimization of mining transportation systems.

In the specific context of productivity prediction, several studies have explored
the application of machine learning algorithms to improve the accuracy of esti-
mates. [15] compared backpropagation neural networks, gradient boosting trees,
and multiple linear regression to predict the calorific value of lignite deposits,
demonstrating the superiority of machine learning approaches. [16] applied gra-
dient boosting methods to improve travel time prediction, achieving significant
improvements in predictive accuracy.

The implementation of advanced clustering techniques has proven particularly
effective in the analysis of complex operational patterns. [17] used Gaussian mix-
ture models and hierarchical clustering to identify typical profiles of daily elec-
tricity usage in buildings, a methodology that can be adapted for the analysis of
productivity patterns in mining operations. [18] applied k-means and Gaussian
mixture models to classify seismic activity, demonstrating the versatility of these
techniques in geological and mining applications.

Despite significant advances in the application of machine learning in mining
operations, significant challenges remain in accurately predicting productivity in
haulage and loading systems. The multivariate and dynamic nature of these sys-
tems, influenced by operational, environmental, and equipment factors, requires
robust methodological approaches that can capture the inherent complexity of these
operations. The integration of advanced machine learning techniques with real-
time operational data represents a significant opportunity to improve efficiency
and productivity in open-pit mining operations, justifying the need for dedicated
research in this field.

In this context, this research contributes to the development of an integrated
methodological framework that combines advanced machine learning techniques
with real-time operational data analysis for the accurate prediction of productivity
in loading and hauling systems in open-pit mining. The main contribution lies in
the development of a hybrid methodology that uses Gaussian mixture models for
the preprocessing of large volumes of operational data, integrated with ensemble

learning algorithms (random forest, gradient boosting and XGBoost) to generate

DOI: 10.4236/eng.2026.183007

101 Engineering


https://doi.org/10.4236/eng.2026.183007

E. C. Milla, J. R. Huamani

robust productivity predictions.

This methodological approach captures the stochastic and multivariate nature
of loading and hauling processes, considering operational, environmental and
equipment variables that have traditionally limited the accuracy of conventional
predictive methods. The practical impact of this research is realized in the devel-
opment of real-time prediction tools that can be integrated into existing mining
management systems, providing operational optimization capabilities that result
in significant cost reductions, improved equipment utilization efficiency, and the
establishment of early warning systems for the proactive identification of devia-
tions from expected productivity. From a theoretical perspective, this research ad-
vances knowledge in the application of artificial intelligence to mining operations
by establishing a systematic protocol for the evaluation and implementation of
predictive models in the specific context of loading and hauling operations, which
constitutes a fundamental contribution to the development of more efficient and

sustainable mining operations.

2. State of Art

Hauling operations in open-pit mining represent one of the most critical and costly
stages of the mining cycle, accounting for between 50% and 60% of total operating
costs. Due to their highly dynamic and multivariate nature, numerous studies
have sought to improve their efficiency through prediction, simulation, and opti-
mization models. [1] presented a comprehensive overview of truck dispatch strat-
egies, while [2] compared traditional truck cycle time prediction methods, high-
lighting their limitations in the face of operational variability.

The recent development of machine learning (ML) techniques has opened up
new possibilities for addressing this problem. Researchers such as [3] [5] demon-
strated the superiority of models such as random forests, gradient boosting, and
support vector machines over traditional methods in mining contexts, especially
in classification and regression tasks with large volumes of operational data.

However, despite these advances, significant challenges remain related to oper-
ational data preprocessing, the selection of relevant variables, and the model’s
real-time adaptability. In response to these limitations, this research proposes a
hybrid methodology based on Random Forest algorithms, complemented by Gauss-
ian mixture techniques for data preprocessing, aimed at predicting productivity
in loading and hauling systems. This approach allows for efficient modeling of the
stochastic complexity of the process, integrating operational, environmental, and
equipment factors.

Studies such as those by [11] have already shown that preprocessing with Gauss-
ian mixtures improves the accuracy of RF models by reducing noise and better
structuring data distributions. Based on this principle, the current proposal inte-
grates Random Forest models not only as a prediction tool, but also as the core of
an intelligent architecture that will be fed by historical, operational, and real-time

sensor data, thus optimizing the performance of the load-haul cycle.

DOI: 10.4236/eng.2026.183007

102 Engineering


https://doi.org/10.4236/eng.2026.183007

E. C. Milla, J. R. Huamani

Likewise, previous work in mining, such as that by [4] [9], validates the effi-
ciency of ensemble learning models in complex mining scenarios. However, most
of these applications have focused on geological or blasting variables, leaving a
broad field of application in the operational control of mining fleets, where this
study stands as an innovative and practical contribution.

The integration of this proposal into the state-of-the-art responds to the grow-
ing need for robust predictive systems that can adapt to dynamic conditions, gen-
erate early warnings, and support real-time decision-making. The aim is not only
to advance the academic literature but also to offer a viable technological solution
for modern mining, aligned with the principles of efficiency, sustainability, and

digital transformation promoted by Mining 4.0.

3. Proposal

The contribution of this research is the proposal of a machine learning model to
improve productivity in haulage operations within the mining cycle of an open-
pit mine. This proposal seeks to establish a robust methodological architecture that
allows for early prediction of mining truck productivity levels and appropriate
action to optimize operational efficiency. The contribution aims at using machine
learning technologies, integrated with real operational data, with the goal of re-
ducing downtime and operational costs in transport.

The proposed methodology considers the following steps:

1) Collection of historical and real-time operational data.

2) Data preprocessing and structuring.

3) Selection of relevant variables.

4) Definition of the prediction model.

5) Model training.

6) Evaluation with statistical metrics.

7) Proposal for application in real environments.

The conceptual architecture diagram of the Machine Learning model for haul-
ing is presented in Figure 1 below, structured in three modules:
e Module 1. Data Collection and Analysis

This module will detail the operational data collection process. The primary
source of information will be the mining operation’s dispatch system, which rec-
ords key variables of the hauling cycle, such as: Loading time, Waiting time, Travel
time loaded and empty, Truck availability, Shift and time, Type of material, Dis-
tance traveled. The dataset will be cleaned, structured, and subjected to explora-
tory analysis techniques. A Gaussian mixture modeling (GMM) technique will
then be applied to segment operational patterns and reduce the influence of out-
liers, thereby improving the quality of the dataset used for the prediction model.
¢ Module 2. Predictive Modeling

With the data prepared, the predictive model will be trained. The Random For-
est Regressor algorithm is proposed due to its proven effectiveness in mining con-

texts with high variability. Furthermore, techniques such as gradient boosting and
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XGBoost are considered viable alternatives for future comparisons. Training will
include cross-validation and hyperparameter tuning using techniques such as
RandomizedSearchCV.

The model will be designed to predict haulage productivity (expressed in tons per
hour) from multiple independent variables mentioned in the previous module.
e Module 3. Model Evaluation and Expected Results

At this stage, the performance of the proposed model will be evaluated using
metrics such as: MAE (Mean Absolute Error), RMSE (Root Mean Squared Error),
and R? (Coefficient of determination). The model is expected to identify operating
conditions that lead to low productivity and issue preemptive alerts to improve
equipment allocation, route planning, and load distribution. In the future, once
the model has been validated, it is planned to integrate it into the mine’s opera-
tional control system, which will allow the issuance of performance reports by
shift and haulage unit, with automatic recommendations for improving perfor-

mance.
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Figure 1. Diagram of the proposed conceptual architecture.

4. Expected Contributions

The main contribution of our work is the proposal of a machine learning model
aimed at predicting and improving productivity in haulage operations at an open-
pit mine. This model seeks to anticipate scenarios of poor operational perfor-
mance by analyzing historical and real-time data, enabling more efficient and pro-
active decision-making by the operations team.

Unlike previous studies focused on blasting or mineral processing phases, our

proposal focuses specifically on hauling, a critical and highly costly stage of the
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mining cycle, with a significant impact on overall efficiency.

Currently, in the national mining sector, there is no integrated predictive tool
that uses machine learning algorithms to optimize haulage. Therefore, this re-
search proposes laying the groundwork for the development of a prototype system
capable of generating operational alerts, identifying patterns of poor performance,
and suggesting adjustments to fleet distribution and daily planning.

This proposal seeks to be implemented as a future pilot test in real-world oper-
ations, with the potential to be integrated into mining management systems and
contribute to the advancement of digital mining, aligned with the principles of
Mining 4.0.
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