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Abstract

Background: Smart mining is rapidly evolving through the integration of automation,
advanced sensing technologies, and Machine Learning (ML). Methods: This Systematic
Literature Review (SLR), based on 99 peer-reviewed studies published between 2021 and
2025 and synthesized following PRISMA 2020 guidelines, analyzes the current role of ML
algorithms in the mining sector, focusing on their applications, algorithmic prevalence,
benefits, and challenges. Results: Machine Learning algorithms are primarily applied to
equipment failure prediction, ore classification, grade and flotation control, transportation
optimization, and environmental monitoring. The most frequently adopted algorithms in-
clude Decision Tree-based models, Artificial Neural Networks, Deep Learning architectures,
Support Vector Machines, K-means clustering, and Gradient Boosting methods, reflecting
different trade-offs between interpretability, computational complexity, and predictive
performance. Reported benefits include improved operational efficiency, cost reduction,
enhanced predictive maintenance, improved decision-making, and increased safety and en-
vironmental performance. However, widespread adoption remains constrained by limited
availability of high-quality data, data heterogeneity, high implementation costs, shortages
of specialized personnel, algorithm interpretability issues, and cybersecurity risks. Con-
clusions: Overall, ML algorithms emerge as key enablers of intelligent and sustainable
mining. The review highlights the need for explainable and robust algorithms, improved
multimodal data integration, and large-scale real-world validation to support the next
generation of smart mining systems.

Keywords: machine learning algorithms; smart mining; predictive maintenance; mineral
processing; algorithm interpretability

1. Introduction

The mining industry is undergoing a rapid digital transformation, driven by the
need to improve process efficiency, reduce operational costs, enhance worker safety, and
minimize environmental impacts. In this context, Machine Learning (ML) has emerged as
one of the most influential technologies, enabling data-driven, adaptive, and predictive
decision-making throughout the mining value chain.

Machine Learning, as a branch of artificial intelligence, allows computational models
to learn patterns from data, generate predictions, and support complex decision processes
without the need for explicit programming. This capability aligns well with the nature of
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mining operations, which generate large volumes of heterogeneous geological, geochemical,
geophysical, operational, and environmental data. Consequently, ML has been increasingly
adopted to address long-standing challenges such as orebody characterization, process
optimization, equipment health monitoring, anomaly detection, and risk management.

In light of these characteristics, Artificial Intelligence (Al), and particularly Machine
Learning (ML), is playing an increasingly important role in addressing the mining in-
dustry’s long-standing challenges, such as improving resource estimation, enhancing
operational safety, and reducing environmental impacts [1]. One of the most impactful
ML applications is the prediction of ore quality and spatial distribution, where super-
vised learning models can capture complex, nonlinear patterns in multi-source geological
data—supporting more efficient extraction strategies. Moreover, ML-enabled automation
contributes to occupational safety by detecting hazardous conditions, equipment failures,
and operator anomalies before incidents occur. In parallel, ML supports sustainability
efforts by optimizing energy consumption, improving waste management, and anticipating
environmental impacts, which helps mining companies meet growing regulatory and
societal expectations.

In addition, ref. [2] demonstrated that lightweight ML models can effectively detect
small obstacles in unmanned mining trucks, enabling real-time decision-making under lim-
ited computational resources and highlighting practical applications of ML for autonomous
mining operations.

Despite these advances, the adoption of ML in mining still faces several challenges.
These include data quality issues, high variability in mining environments, difficulties in
system integration, and the substantial investments required in digital infrastructure and
workforce training. Furthermore, the adoption of ML in mining is constrained by workforce-
related challenges, including the need for specialized training and the development of
digital competencies.

These challenges are consistent with the findings of [1], who highlight resistance to
change, high costs, limited digital infrastructure, and workforce displacement concerns as
key barriers to large-scale AI/ML adoption in mining. Their study underscores the need for
cross-sector collaboration and workforce upskilling to enable responsible and sustainable
implementation of intelligent technologies.

However, despite the growing volume of research, there remains a lack of consolidated
evidence regarding: (i) which applications are most prevalent, (ii) which ML techniques
are being effectively implemented, (iii) what benefits are being realized, and (iv) what
challenges persist for large-scale adoption. Existing reviews are often fragmented, narrow
in scope, or focused on isolated subsystems within the mining process.

To address this gap, the present study conducts a Systematic Literature Review (SLR)
to assess the current state of ML adoption in the mining sector, based on peer-reviewed
scientific literature. While commercial or proprietary implementations may be underrep-
resented in academic sources, the SLR offers a transparent, structured, and reproducible
methodology for analyzing published evidence. As a result, the findings reflect only the
academic perspective and may not fully capture the extent of real-world industrial adop-
tion. This review does not assess the degree of internal organizational involvement in
ML system implementation (e.g., vendor-managed vs. in-house development), as such
information is typically unavailable in peer-reviewed publications.

In line with these considerations, it is important to clarify the scope and limitations
of the evidence analyzed. This review focuses exclusively on peer-reviewed, open-access
academic publications from 2021 to 2025. As such, it does not consider commercial de-
velopments or industrial implementations that are not reported in the scientific literature.
Moreover, it does not evaluate the organizational maturity or internal adoption levels of
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the ML solutions described. These limitations should be considered when interpreting
the findings, as they may not fully reflect the actual state of ML use in real-world mining
environments.

2. Literature Review

The adoption of Artificial Intelligence (Al), including Machine Learning (ML), has
increasingly contributed to the transformation of the mining industry [3]. Applications
of this technology range from increasing the efficiency of mining operations to optimiz-
ing environmental sustainability and worker safety [4]. The following sections provide
an analysis of the main developments and applications of ML in mining, based on the
available literature.

2.1. Smart Mining

Smart mining refers to the digital transformation of mining operations through the
integration of advanced technologies such as automation, IoT systems, real-time sensing,
and artificial intelligence. As highlighted by [5], the adoption of digital and intelligent
mining technologies is central to establishing human-centered, climate-smart mines, em-
phasizing not only operational efficiency but also environmental and social sustainability.
Within this paradigm, ML plays a central role, as it enables the processing and interpre-
tation of large volumes of operational, geological, and environmental data to support
data-driven decision-making. This is exemplified by the study conducted at the Yanshan
Iron Mine, where an integrated ML-based system using multi-source geoscientific data
enabled precise orebody localization and real-time surface mineral monitoring, enhancing
the decision-making process and extraction planning [6].

In addition, ref. [7] developed an automated pipeline using Deep Learning and Optical
Character Recognition (OCR) to classify and structure boring logs from abandoned mines,
providing reliable data for future ML analysis.

Machine Learning contributes to smart mining by improving predictive maintenance,
optimizing equipment performance, improving ore grade control, and reducing safety risks
through anomaly detection and automated monitoring. By leveraging these capabilities,
smart mining not only increases operational efficiency and productivity but also supports
more sustainable and safer mining practices, establishing ML as one of the foundational
components of modern mining innovation.

2.2. Optimization of Mining Exploration

Mineral exploration is one of the most expensive and complex processes in the mining
industry. Machine Learning has begun to play a fundamental role in this activity, as it
can better predict the location of deposits of certain minerals. Integration of geospatial,
geophysical, and geochemical data within ML models has improved the identification of
areas with high potential for the development of a particular mineral deposit.

A focused review by [8] analyzes the evolution of ML techniques applied specifically
to mineral prospectivity prediction, highlighting advances in spatial data integration,
algorithm development, and predictive modeling. While their work centers on exploration
targeting rather than broader decision-making processes, it offers a valuable methodological
perspective on the role of ML in reducing uncertainty during early-stage exploration.

Algorithms such as Artificial Neural Networks (ANN) and Support Vector Machines
(SVM) are popular for identifying patterns and processing complex relationships in large
volumes of data. An example would be the implementation of Deep Learning tactics for
the interpretation of satellite images, which leads to improved detection of geological
formations of interest. Similarly, the use of evolutionary algorithms could be applied to
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optimize resource exploration strategies, leading to lower costs and improved exploration
success rates.

2.3. Optimization of Mineral Extraction

Machine Learning (ML) plays a crucial role in optimizing mineral extraction by en-
abling automation, real-time decision-making, and process adaptation. One key application
is the use of ML for mineral classification in processing plants, which enhances operational
precision and reduces resource consumption.

Predictive algorithms are also employed to forecast variations in ore quality, allow-
ing for the dynamic adjustment of crushing, grinding, and concentration parameters. In
blasting operations, ML models can estimate material fragmentation and recommend
optimal explosive charge configurations, contributing to lower energy usage and im-
proved extraction performance. Additionally, ML supports logistics optimization by
identifying efficient transportation routes for raw materials, minimizing downtime and
maximizing throughput.

A practical example of this approach is the Yanshan Iron Mine, where artificial intelli-
gence and integrated geoscientific datasets were used to refine orebody localization and
streamline extraction planning. This resulted in a reduction of waste rock removal and
significant improvements in the overall extraction efficiency [6].

2.4. Predictive Maintenance and Safety

One of the main benefits of ML technology in the mining field is the ability to an-
ticipate equipment failures before they occur, using predictive maintenance models. By
analyzing real-time sensor data using Recurrent Neural Networks (RNN) and classification
algorithms, it is possible to determine when a machine or piece of equipment is about to
fail, thereby reducing maintenance costs and downtime.

As noted in [3], digital technologies contribute to occupational safety in the mining
industry. Regarding safety, mining is one of the most dangerous economic activities, and
ML helps prevent accidents. Real-time ML-based monitoring systems analyze data from
sensors, cameras, and other sources to detect abnormal behavior, unsafe working conditions,
or structural failures in mines. Computer vision models are also used to independently
detect the onset of problems such as landslides or facility failures, enabling rapid decisions
to be made to reduce risk.

Furthermore, recent reviews highlight that the role of machine learning in mining
extends beyond operational monitoring. As noted in [8], advanced ML models are increas-
ingly used for large-scale mineral prediction and data-driven decision-making across
the mining lifecycle, reinforcing the importance of Al in optimizing both safety and
resource management.

2.5. Improvements in Energy Efficiency and Environmental Sustainability

Mining is an intensive energy and resource activity, which has raised concerns about
its impact on the environment. Machine Learning has been a key tool for increasing energy
efficiency in mining operations. Initially, optimization models and predictive analysis
models help reduce energy consumption, while improving machinery utilization and
load distribution. Energy demand prediction functions demonstrate more efficient use of
electrical energy.

Similarly, we can address the environmental impact of mining in terms of waste and
residues generated through ML, as process optimization models improve waste manage-
ment and reduce the ecological footprint of operations. In addition, predictive model
functions make it possible to predict the evolution of the behavior of pollutants and waste
generated in a mine, facilitating the adoption of waste reduction and recycling strategies.
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Furthermore, recent research shows that green mining research is expanding rapidly
and increasingly integrates waste recycling, ecological restoration, and environmental
monitoring throughout the mine lifecycle, highlighting the interdisciplinary nature of
sustainable mining practices [9].

2.6. Challenges and Obstacles in the Implementation of ML in Mining

Despite the numerous contributions and advantages, the implementation of ML in
mining presents several contingencies. The main obstacle is data management and quality.
Mining generates very large volumes of data, but many of them are of poor quality for
training robust models.

In addition, the lack of interoperability between systems, the heterogeneity of data
across different stages of the mining process, and the limited number of professionals
trained in artificial intelligence and ML represent important barriers to the integration
of ML-based solutions. These difficulties are often compounded by insufficient technical
infrastructure, particularly in smaller or less technologically advanced mining operations,
where the deployment of complex ML systems is more challenging.

Beyond technical limitations, social and organizational factors also play a significant
role. Previous studies have noted resistance to change and investment requirements as
relevant challenges in the transition toward digital technologies in the mining sector [3].
Addressing these issues requires not only technological solutions but also organizational
strategies focused on training, reskilling, and collaboration between industry and academia.

These challenges become even more pronounced in large-scale smart mining environ-
ments, where integrating ML with energy-critical, safety-constrained, and tightly coupled
physical processes demands advanced uncertainty-aware frameworks and robust opti-
mization models [10]. Furthermore, the high initial investment required for deploying
ML technologies—although potentially recoverable over time—continues to limit their
adoption, particularly in smaller markets and developing countries [9].

3. Materials and Methods

The PRISMA 2020 protocol was used to conduct the SLR, and this protocol also served
to document it transparently. In this regard, the following research questions were proposed
to determine and provide direction for the study, as shown in Table 1.

Table 1. Table of questions and motivation.

Research Questions

Motivation

QO01. What are the main applications of ML in mining
process optimization?

Identify the areas in which ML techniques are being ap-
plied and what the most significant results are.

Q02. Which machine learning algorithms are most fre-
quently used in smart mining, and what are their key
algorithmic characteristics?

Determine the most widely used algorithms.

Q03. What are the main benefits of implementing ML
in mining?

Analyze the improvements achieved through the use of
these technologies.

Q04. What challenges do researchers and industry face in
adopting ML in mining?

Identify the technical, operational, organizational, and
regulatory barriers that limit the development and inte-
gration of ML-based solutions.

Various academic databases were considered for the bibliographic review; however,

only those that guaranteed the quality and relevance of the sources according to the

eligibility criteria were considered.
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3.1. Eligibility Criteria

Eligibility criteria constitute a fundamental component in the development of a SLR,
as they ensure the consistency, validity, and quality of the evidence analyzed. These criteria
act as filters that define the scope of the review by determining which studies are relevant
and should be considered for inclusion, and which should be excluded, thereby minimizing
the risk of bias associated with irrelevant or low-quality literature.

Furthermore, they provide a clear and reproducible framework that facilitates the
comparison of studies and the synthesis of findings. The inclusion and exclusion criteria
were defined in accordance with the PRISMA 2020 guidelines to ensure the relevance,
transparency, and methodological rigor of the selected studies.

In addition, only peer-reviewed Open Access journal articles were included. This re-
striction ensured unrestricted access to complete methodological details, allowed transpar-
ent verification of the screening and data-extraction procedures, and guaranteed consistent
quality standards across all selected sources. While this criterion may have narrowed the
scope of the evidence base, it contributed to a more rigorous and fully auditable review
process, as summarized in Table 2.

Table 2. Selection of eligibility criteria for the SLR.

Inclusion Criteria Exclusion Criteria

IC1: Open access articles EC1: Hybrid or subscription access articles.

IC2: Articles published between 2021 EC2: Articles published before 2021.
and 2025

IC3: English-language articles EC3: Articles written in a language other
than English.
IC4: Articles with a valid DOL EC4: Articles with an invalid DOL

Although the eligibility criteria listed in Table 2 focus primarily on accessibility, publi-
cation period, language, and DOI validity, this does not imply that methodologically weak
studies were included without further evaluation. The assessment of research quality and
risk of bias was not part of the initial eligibility filters because these aspects were addressed
in a separate stage through an adapted checklist described in Section 3.6. This two-step
approach is consistent with PRISMA: broad eligibility criteria ensure that all potentially
relevant studies enter the screening pipeline, while methodological quality is assessed
later to avoid prematurely excluding studies that may still offer valuable insights. During
the risk-of-bias evaluation, studies presenting insufficient methodological detail, unclear
data sources, inconsistencies between methods and results, or inadequate reporting were
flagged and excluded from synthesis or considered with reduced weight. Therefore, even
though quality-related criteria do not explicitly appear in Table 2, methodologically poor
studies were not incorporated into the final analysis, ensuring that the synthesized evidence
was both reliable and robust.

Regarding the restriction to Open Access publications (IC1), this criterion does not
aim to exclude high-impact research but to ensure full transparency, verifiability, and
reproducibility of the review process. Many subscription-based journals limit access to
methodological details, supplementary data, or full-text content, which may hinder accurate
screening, data extraction, and bias assessment. To mitigate the risk of publication bias,
the search strategy deliberately included multidisciplinary and domain-leading databases
(Scopus, IEEE, Springer, ScienceDirect), which index both open access and subscription
journals. Thus, even if only open access articles were ultimately included, the initial
retrieval captured the broader landscape of mining and ML research, allowing the review
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to map trends and identify influential themes even when some individual subscription-
only articles could not be incorporated into the final synthesis. This approach prioritizes
methodological rigor and replicability while still ensuring broad coverage of the field.

The selection of the 2021-2025 time frame (IC2) was motivated by empirical trends
observed during the initial scoping phase, where the volume of publications on ML appli-
cations in mining increased considerably after 2020 due to advances in sensor technologies,
computing capabilities, and the growing adoption of Mining 4.0 practices. Earlier studies
prior to 2021 were not disregarded as irrelevant; instead, they were reviewed during the
exploratory stage and found to contribute primarily conceptual foundations or early-stage
experiments with limited industrial deployment. Since the objective of this SLR is to
analyze the current state of ML adoption, techniques, and challenges in modern mining,
focusing on the most recent five-year window ensures that the synthesis reflects contempo-
rary practices, datasets, and technological capabilities. Restricting the review to this period
helps avoid diluting the analysis with outdated methods or pre-Industry 4.0 constraints,
while still building upon the legacy insights identified during the scoping phase.

3.2. Information Sources

The information sources consulted were Scopus, Springer, Arxiv, MDPI, IEEE Xplore,
and ScienceDirect. These databases were selected for their broad thematic coverage, aca-
demic reputation, and relevance in the fields of mining, engineering, and computer sciences.
The main searches were conducted between January 2021 and July 2025; however, rele-
vant studies published during the second half of 2025 that met the inclusion criteria were
also incorporated.

3.3. Search Strategy

Although Table 3 shows that the search equations vary across databases, this does
not compromise the comparability of results. The differences arise from the specific re-
quirements, indexing structures, and search limitations of each database, which often
prevent the direct replication of the same query string. To ensure both comprehensiveness
and consistency, all equations were constructed from the same core set of keywords and
conceptual categories namely smart mining, sustainable or intelligent mining, and ML and
Al techniques. Each search string preserves these semantic components, adapting only
the level of detail necessary to align with the search engine capabilities of each platform.
Furthermore, the use of multiple synonyms, Boolean operators, and cross-referenced termi-
nology ensures full coverage of the topic and minimizes the risk of missing relevant studies.
Thus, despite the variations in structure, the search strategy remains methodologically
robust, consistent, and comprehensive across all databases.

Table 3. Search equations for each academic database.

Database Equation

(“smart mining” OR “intelligent mining” OR “mining 4.0” OR “sustainable mining”
OR “data-driven mining”)

AND (“machine learning” OR “deep learning” OR “artificial intelligence” OR
“predictive models” OR “data analysis”)

Scopus

Springer  (“smart mining” OR “intelligent mining” OR “sustainable mining”)
AND (“machine learning” OR “artificial intelligence” OR “deep learning”)
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Table 3. Cont.

Database Equation

IEEE (“mining industry” OR “smart mining” OR “sustainable mining”)
AND (“machine learning” OR “deep learning” OR “artificial intelligence”)

Science Direct  (“smart mining” OR “mining 4.0” OR “sustainable mining”)
AND (“machine learning” OR “artificial intelligence” OR
“predictive modeling”)

Arxiv (“smart mining” OR “sustainable mining”)
AND (“machine learning” OR “deep learning” OR “artificial intelligence”)

MDPI (“sustainable mining” OR “smart mining” OR “intelligent mining”)
AND (“machine learning” OR “artificial intelligence” OR “deep learning”)

3.4. Data Collection Process

For data collection, a standardized log was created in spreadsheet format. It was
designed according to PRISMA 2020 guidelines and structured around the key elements
of each publication (authorship, year, title, country, document type, relevance, and contri-
butions to the variable analyzed). Each article identified the author of the current article,
and all information collected from sources was rigorously analyzed beforehand. In the
case of incomplete information, the reviewer of the article in question thoroughly analyzed
the source’s contribution to ensure the validity and consistency of the collected data. This
guaranteed the traceability of the process, facilitating replication in future reviews.

3.5. Data Items

The extracted data was defined based on the results log and grouped into the following
categories:

*  Search metadata.

e Database searched.

®  Search date to temporally delimit the results.

*  Applied search equation, with Boolean operators and specific keywords.

*  Total number of results obtained and number of relevant results selected after applying
the eligibility criteria.

*  Bibliographic information on the study.

* Lead authors and co-authors.

*  Year of publication.

*  Article title.

e DOQI, ISBN, or ISSN.

*  Access URL.

¢  Country of origin or primary institutional affiliation.

*  Document type (research article, review, conference article, etc.).

*  Assessment of relevance and contributions to the SLR.

*  Analytical commentary on the relevance of the study in the context of smart mining
and ML.

*  Relevance to the SLR.

*  Variable or area of contribution.

In this way, the log not only allowed for the collection of basic bibliographic data, but
also for a structured assessment of the relevance of each publication, linking the studies to
the research variables defined in the SLR.
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3.6. Assessment of the Risk of Bias of the Study

This evaluation was conducted using a checklist adapted to applied ML research in
mining. To this end, the clarity of the problem formulation, the quality and representative-
ness of the data used, the transparency in the description of the algorithm, the validity of
the applied validation procedures, the possibility of reproducing the experiments and the
identification of explicit limitations in each investigation were considered.

These criteria allowed for the establishment of a homogeneous framework for analysis
and, in each case, were classified as compliant, non-compliant, or partially compliant.

3.7. Effect Measures

This was addressed using both technical performance indicators of the ML models
and metrics of impact on mining processes.

The first group included accuracy, precision, recall, F1-score, AUC-ROC, mean square
error, MAE, R?, computation times, and algorithmic complexity. The second group evalu-
ated results related to the application context, such as improved operational efficiency, cost
reduction, increased workplace safety, and contributions to environmental sustainability.
In this way, it was possible to integrate technical and practical benefits, assessing not only
the model’s performance but also its relevance in real-life mining scenarios.

3.8. Synthesis Methods

The synthesis of the results was conducted in a qualitative, descriptive, and thematic
manner due to the marked heterogeneity (variability or diversity among the included
studies) of the approaches, algorithms, and datasets used. Although subgroup analysis
was initially considered, it was not feasible because the heterogeneity extended beyond
differences in application domains or ML technique types. The studies showed substantial
variation in problem definitions, performance metrics, data characteristics, preprocessing
strategies, and reporting formats, which prevented the formation of methodologically
comparable subgroups. In several cases, essential methodological details were insufficiently
reported, making any stratified comparison prone to bias or misleading conclusions. For
this reason, a qualitative thematic synthesis was deemed more appropriate to identify
meaningful patterns and methodological trends across the literature.

The information was subsequently coded and cross-referenced to identify patterns,
methodological convergences, and unique cases. Finally, research gaps, recurring limita-
tions, and potential lines of progress were highlighted.

3.9. Assessment of Reporting Bias

To reduce the risk of bias in the analysis of sources, cross-checking strategies were
applied across databases, and the reference lists of key articles were manually reviewed to
identify potentially omitted literature.

Likewise, duplicate documents were excluded, and the consistency between the
abstracts, methodologies, and reported results was verified to detect inconsistencies that
could affect the synthesis.

3.10. Certainty Assessment

In relation to this item, for each set of studies, aspects such as methodological quality,
consistency between results obtained in similar contexts, the robustness of the data sources,
and the relevance of the reported performance metrics in relation to the optimization of
mining processes were analyzed.
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4. Results
4.1. Study Selection

The use of the PRISMA flow diagram in this systematic review is essential to ensure

transparency, traceability, and methodological rigor in the study selection process. In this
regard, PRISMA is an internationally accepted standard that allows for the structured
documentation of each stage of article screening, from initial identification to final inclusion.
In the context of this article, the use of the PRISMA diagram (see Figure 1) made it possible
to clearly visualize the flow of the studies retrieved, highlight the inclusion and exclusion
criteria applied, ensure the replicability of the selection process, and demonstrate the rigor
of the protocol by detailing the reasons for exclusion, thereby reinforcing the transparency
and credibility of the study.

Identification of new studies via databases and registers

Records identified from:
Databases (N = 6).
c Scopus (n =3 129) Records removed before screening:
% Springer (n = 374) Duplicate records (n =450)
2 IEEE (n=218) | Records marked as ineligible by automation
= Science Direct (n = 312) tools (n =155)
T Arxiv (n = 150) Records removed for other reasons (n = 0)
MDPI (n = 25)
Registers (n =4208)
Y
Records screened Records excluded
(n=3603) G (n=750)
Y
Reports sought for retrieval i Reports not retrieved
= (n=2853) | (n =760)
=
[}
g
(5]
»
Reports excluded:
h 4 Open Access (n =1524)
Reports assessed for eligibility Publication period: 2021 to 2025 (n = 250)
(n=2093) English language (n = 120)
Valid DOI (n = 100)
New studies included in review
8 (n=99)
% Reports of new included studies
£ (n=0)
Figure 1. Flowchart for the application of eligibility criteria.
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4.1.1. Identification

In this phase, a total of 4208 records were collected from six electronic databases:
Scopus (n = 3129), Springer (n = 374), IEEE Xplore (n = 218), ScienceDirect (n = 312), arXiv
(n =150), and MDPI (n = 25). In addition, 450 duplicate records and 155 records classified
as irrelevant were removed using automatic filtering tools during this phase, resulting in
3603 records for initial analysis.

4.1.2. Screening

Subsequently;, titles and abstracts were examined, leading to the exclusion of 750 pub-
lications that did not meet the eligibility criteria. A full-text review of 2853 studies was
conducted, leaving 2093 records. The inclusion and exclusion criteria were then applied to
define the final SLR corpus. Specifically, 1524 records that were not open access, 250 articles
published before 2021, 120 records written in a language other than English, and 100 records
without a valid DOI at the time of the literature review were excluded.

4.1.3. Inclusion

Finally, in this phase, 99 articles that rigorously met the aforementioned criteria were
included. During the final revision stage, one study was identified as retracted and was
therefore excluded to ensure the integrity of the final corpus.

Table 4 presents a consolidated summary of the records analyzed from each database.
It includes the number of pre-selected studies, the articles ultimately included and excluded
based on the eligibility criteria, as well as the percentage contribution of each database
to the final corpus. This unified view helps illustrate both the filtering process and the
distribution of selected studies across different sources.

Table 4. Combined summary of database filtering and contribution to the final corpus.

Database Pre-Criteria Included Excluded Percentage
Scopus 3129 25 3104 25.25%
Springer 374 29 345 29.29%
IEEE 218 10 208 10.10%
Science Direct 312 11 301 11.11%
Arxiv 150 11 139 11.11%
MDPI 25 13 12 13.13%
Total 4208 99 4109 100%

4.2. Study Characteristics

This item constitutes a fundamental aspect for understanding the nature, scope, and
consistency of the works selected in this systematic review. Through the analysis of the
studies, we were able to identify the countries of origin, topics, contexts, and methodolog-
ical specifics that were relevant to the field of smart mining and the application of ML
techniques in mining process optimization.

In this sense, identifying the characteristics of the analyzed studies not only served to
provide an overview to verify the rigor of the selection of records, but also provides key
information for recognizing emerging trends. The summary table of the classification of the
sources that comprise the SLR is presented below. Thus, Table 5 provides a structured and
comparative view of the sources, constituting a relevant aspect for analyzing the prevailing
trends and approaches in the literature on the subject.

https:/ /doi.org/10.3390/a19030197


https://doi.org/10.3390/a19030197

Algorithms 2026, 19, 197

12 of 28

Table 5. Summary table of the classification of SLR sources.

N Database Source

1 Scopus [1-7,9-26]
2 Springer [27-55]

3 IEEE [56-65]

4 ScienceDirect [66-76]

5 Arxiv [77-87]

6 MDPI [88-100]

With the aim of identifying the main concepts and trends that emerge from the
analyzed literature, a word cloud was generated, summarizing the most frequently used
terms in the articles selected for the systematic review. This visual representation facilitates
understanding of the most relevant thematic axes and provides a quick overview of the
topics related to SLR.

Figure 2 shows that terms such as “artificial intelligence,

” o ” o

machine learning,” “smart

mining,” “intelligent mining,” and “predictive modeling” appear more prominently,
demonstrating the importance of these concepts in the corpus reviewed. Overall, the
word cloud reflects how recent literature articulates mining with advanced analytical and

predictive technologies.

artificial-intelligence machine-learning
smart-mining
mining-industry
..'5 sustainable-mining intelligent-mining
Macnine ' .
deep-learning predictive-modeling

Figure 2. Word cloud of the most relevant topics related to SLR.

Although word clouds are generally considered less rigorous than other forms of
data visualization, their use in Figure 2 is justified as an exploratory tool to provide an
intuitive and immediate overview of the dominant themes within the corpus. The objective
of this figure is not to perform a quantitative analysis, but rather to offer a visual entry
point that highlights the most recurrent concepts associated with ML and smart mining. To
ensure methodological rigor, this visualization is complemented in subsequent sections
with systematic analyses such as frequency counts, categorical grouping, and synthesis
based on the research questions which more accurately capture thematic relationships.
Therefore, the word cloud functions as a descriptive and accessible complement to the
more detailed analytical procedures presented in the review.

Figure 3 shows that the number of SLR source records on the topic stands out in
some countries, such as China (25), the United States (20), and Australia (12), which are
the territories with the highest number of publications (see Figure 3). This demonstrates
their role in generating scientific knowledge related to mining and emerging technologies.
Significant contributions also come from Canada (10), Brazil (7), and India (5), while other
countries have smaller shares (20).
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Figure 3. Geographic distribution of the studies analyzed in the SLR.

This geographic distribution reflects the potential for growth in scientific production
in regions that are still underrepresented.

4.3. Risk of Bias in Studies

This other protocol item constitutes a key aspect of systematic reviews because it
allows for the assessment of the validity and reliability of the findings obtained from
the selected sources. In this sense, when analyzing the selected articles, various risks
of bias were identified that must be considered when interpreting the findings. First,
several studies report the use of limited or unrepresentative datasets, which may affect
the generalization of ML models to other contexts. Second, some studies focused on the
optimization of algorithms and performance metrics without delving into the external
validity of the models or their practical applicability.

Likewise, limitations were identified regarding methodological variety, as there is a
predominance of approaches based on DL and heuristic optimization, while other less
explored analysis methods could provide complementary approaches. This predominance
can generate a technological bias, favoring current trends without considering emerging
methodological alternatives. These risks serve as a reminder of the need for future research
to address these issues in order to reduce the potential for bias and strengthen the robustness
of the literature on these topics.

4.4. Results of the Syntheses

The synthesis of the selected studies was structured according to the four research
questions defined in this review. Each question addresses a key dimension of ML adoption
in mining, including its main applications, the techniques most frequently employed, the
benefits obtained, and the challenges that hinder broader implementation. To ensure a
coherent presentation of the findings, the results are summarized and discussed in align-
ment with these research questions. This organization allows for a clearer understanding
of how ML contributes to mining process optimization and where future research efforts
should be directed. The following subsections present the outcomes associated with each
question, supported by quantitative evidence extracted from the included studies and their
corresponding graphical representations.

4.4.1. QO01. What Are the Main Applications of ML in Mining Process Optimization?

As illustrated in Figure 4 and derived from the systematic analysis of the reviewed
studies, the identified ML applications were systematically categorized according to major
operational domains within the mining value chain. This domain-based classification
provides a structured overview of adoption patterns across equipment reliability, logistics
optimization, occupational safety, and environmental monitoring. The following discussion
is organized according to this classification framework.
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The analysis reveals that the most frequently reported applications are failure pre-
diction in mining equipment and prediction of critical equipment lifespan, followed by
logistics and mineral transportation optimization, occupational safety monitoring, and
environmental monitoring. These applications reflect the increasing integration of ML
into mining operations, with a particular focus on enhancing operational efficiency, asset
reliability, and environmental sustainability.

Failure prediction relies on real-time data collected from monitoring systems in mining
operations. Algorithms such as decision trees, neural networks, and physics-informed
models are used to detect patterns that precede hazardous events or system failures [41].
These applications help reduce unplanned downtime, improve operational planning, and
lower overall operational costs through process optimization strategies [71].

Failure prediction in mining equipment
Optimization of mine planning

Mineral detection and classification

Monitoring and prediction of slope stability

Energy consumption management and optimization

Predictive control in milling and flotation processes

Applications

Environmental monitoring (emissions, air/water quality)
Occupational safety through image and sensor analysis
Logistics and mineral transportation optimization

Prediction of critical equipment lifespan

8 10

-
N
[y
a
=
o

18

o
N
&
o

Frequency

Figure 4. Main applications of ML in mining process optimization. (Q01).

In parallel, intelligent monitoring and reliability assessment focus on enhancing op-
erational safety and performance in complex mining and tunnelling environments. Ma-
chine Learning and Deep Learning approaches that integrate multi-source sensing, high-
resolution drilling data, and real-time monitoring are increasingly applied to support dy-
namic reliability optimization and automated rock mass quality assessment [35,75]. These
data-driven strategies improve decision support, reduce manual intervention, and enhance
overall system-level performance, particularly under challenging geological conditions.

Logistic optimization is another prominent application where advanced control and
automation technologies are used to improve haulage performance and operational effi-
ciency in mining operations. Evolutionary algorithms integrated with predictive control
frameworks have demonstrated their effectiveness in enhancing trajectory tracking and
vehicle performance in underground haulage systems [40]. In surface mining, the adoption
of Autonomous Haulage Systems (AHS) has further contributed to improvements in safety,
productivity, and operational efficiency [49].

In the area of occupational and operational safety, computer vision models are applied
to analyze images and video streams to support real-time monitoring in mining environ-
ments. These approaches enable pedestrian detection, obstacle recognition, and enhanced
situational awareness in both underground and open-pit operations [2,61]. Such solutions
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contribute to accident prevention, improved safety management, and the generation of
real-time alerts.

Environmental monitoring, while less frequent, is an expanding domain in mining
applications. It includes air quality assessment, vegetation and land-cover analysis, and
tailings storage facility surveillance. Machine Learning and Deep Learning models, in-
cluding convolutional neural networks (CNNs), are applied in combination with satellite
imagery, geospatial analysis techniques, and UAV-derived datasets to support predictive
environmental assessment and sustainable management [70,101].

In addition to the predominant applications, the analysis identified a set of underrepre-
sented areas with high potential for future research. These include mineral exploration and
slope stability monitoring. In the latter case, recent review studies highlight the growing
adoption of UAV-based monitoring combined with Machine Learning techniques for assess-
ing slope stability and predicting geotechnical risks in open-pit mining operations [102,103].

Recent advances in geochemical anomaly detection and mineral prospectivity map-
ping demonstrate how domain-guided Deep Learning models and Al-driven mineral
discovery frameworks can significantly enhance exploration accuracy and decision-making
processes [104,105].

Overall, Figure 4 indicates that ML is predominantly applied in short- and medium-
term operational tasks where real-time data is available. However, there remains significant
opportunity to extend its use into long-term strategic decision-making, cross-process
integration, and holistic predictive modeling across the entire mining value chain.

4.4.2. Q02. Which Machine Learning Algorithms Are Most Frequently Used in Smart
Mining, and What Are Their Key Algorithmic Characteristics?

To address this question, a detailed analysis was conducted to identify the most
frequently used Machine Learning (ML) techniques in smart mining and to examine the
algorithmic trade-offs influencing their adoption. The identified algorithms were grouped
into major methodological families, and the following discussion is organized according to
this classification framework.

As shown in Figure 5, the most commonly applied ML techniques are Decision
Trees (18 mentions), Neural Networks (16), and Deep Learning architectures (14). This
distribution reflects a dual preference within the field: models offering high interpretability
and low computational complexity, and models providing strong representational capacity
to capture complex, nonlinear mining data patterns.

Decision Tree-based models are widely adopted in smart mining applications due to
their structured learning process, ability to model nonlinear relationships, and relatively
low computational complexity. Their interpretability and capacity to handle heterogeneous
operational variables make them particularly suitable for productivity prediction and
operational optimization tasks. In mining environments characterized by complex and
data-intensive processes, tree-based algorithms have demonstrated strong predictive per-
formance compared to baseline and linear models, supporting their practical deployment
in real-world scenarios [106].

Neural Networks and Deep Learning architectures, in contrast, are primarily used in
scenarios involving high-dimensional, heterogeneous, and sensor-rich datasets. Applica-
tions include image-based analysis and multivariate time-series forecasting for complex
mining processes and environmental monitoring. These models offer superior feature
extraction and nonlinear modeling capabilities, but they require larger datasets, higher
computational resources, and often suffer from limited interpretability [35,78].
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Figure 5. Most commonly used machine learning algorithms in smart mining.

A second tier of frequently reported algorithms includes Support Vector Machines
(12 mentions), Gradient Boosting methods (10 mentions), and K-means clustering (8 men-
tions), as illustrated in Figure 5. These techniques provide a balanced trade-off between pre-
dictive accuracy, robustness to noise, and computational efficiency. In practical smart min-
ing applications, they are commonly employed in productivity prediction, rock mass classi-
fication, clustering of operational patterns, and operational optimization tasks [75,106].

Less frequently reported, yet methodologically significant, are Reinforcement Learn-
ing (8 mentions), Bayesian Networks (7), and Ensemble Learning strategies (7). These
approaches introduce capabilities such as sequential decision-making, probabilistic rea-
soning under uncertainty, and improved generalization through model aggregation. Their
comparatively lower adoption may be attributed to higher implementation complexity,
data scarcity in certain mining contexts, or integration challenges with legacy systems.

Overall, the findings indicate that algorithm selection in smart mining is influenced not
only by predictive performance but also by contextual factors such as interpretability, com-
putational cost, scalability, robustness to noisy industrial data, and ease of integration into
existing operational workflows. These considerations are critical in mining environments
characterized by dynamic conditions, safety constraints, and heterogeneous data streams.

4.4.3. Q03. What Are the Main Benefits of Implementing ML in Mining?

Figure 6 summarizes the distribution of the key benefits reported in the reviewed
studies regarding the implementation of Machine Learning (ML) in the mining sector.
The identified benefits were categorized according to their primary impact dimension,
including operational efficiency, economic performance, maintenance optimization, safety
enhancement, and sustainability-related improvements. The following discussion develops
each impact dimension based on its relative prominence and supporting evidence from
the literature.
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Figure 6. Main benefits of implementing ML in mining.

The most prominent advantage—operational efficiency improvement (18%)—reflects
ML's capacity to reduce process variability, optimize control parameters, and improve
workflow stability across extraction, hauling, and processing stages. Predictive and data-
driven decision models enable real-time adjustments that enhance throughput and system
reliability [36].

Closely related are the reduction in operational costs (15%) and the improvement
in predictive maintenance with reduced downtime (14%), as identified in the present re-
view. These benefits highlight the strong economic impact of ML applications, particularly
through early fault detection, optimized maintenance scheduling, and extended equip-
ment lifespan. By minimizing unexpected failures and improving asset utilization, ML
contributes directly to cost savings and production continuity. For instance, ML-based
optimization models have demonstrated improved cost-effectiveness and operational
performance in blasting operations [73].

Another significant benefit is improved safety and accident prevention (12%), largely
enabled by computer vision systems and real-time detection technologies. These solutions
enhance hazard identification, obstacle detection, and automated decision-making in
mining operations, thereby strengthening risk management frameworks in hazardous
mining environments [2].

Better resource recovery and ore grade prediction (10%) also represent key contribu-
tions. ML-based classification and regression models enhance geological interpretation
and processing decisions, allowing more precise ore characterization and improved re-
covery strategies. This translates into higher extraction efficiency and better long-term
resource planning.

Energy consumption optimization (8%) is particularly relevant in energy-intensive pro-
cesses such as grinding, crushing, and mineral transportation. Predictive control systems
and reinforcement learning models enable dynamic adjustment of operational parameters,
reducing energy waste while maintaining production targets.

Finally, improved environmental monitoring and regulatory compliance (7%) demon-
strate the growing role of ML in supporting sustainable mining practices. The integration of
geospatial analytics and remote sensing techniques enhances the assessment of air quality,
land-cover dynamics, and tailings dam conditions, thereby strengthening environmental
risk mitigation and regulatory transparency [70,82].

Overall, the benefits presented in Figure 6 indicate that ML adoption in mining extends
beyond productivity and cost reduction. It contributes to safer operations, improved
environmental stewardship, and data-driven strategic decision-making—key pillars in the
transition toward fully integrated smart mining systems.
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4.4.4. Q04. What Challenges do Researchers and Industry Face in Adopting ML in Mining?

Figure 7 presents a radial chart summarizing the principal challenges identified across
the reviewed studies. The numerical score assigned to each barrier corresponds to its
frequency of occurrence in the analyzed literature and serves as a quantitative proxy for
its relative prominence. These challenges affect both academic research and industrial
implementation, revealing technical, economic, organizational, regulatory, and environ-
mental constraints that limit the scalability and operationalization of ML-based solutions
in operational mining environments.

To enhance methodological transparency, the chart integrates citation frequency with
qualitative relevance reported in expert surveys and case studies. Barriers are grouped
into structural categories and linked—where applicable—to their dominant impact domain
(academic, industrial, or both). Regulatory and environmental factors are treated jointly
due to their structural interdependence in mining operations. Based on this structured
synthesis, the following subsections examine each barrier category in detail, discussing
their specific implications and supporting evidence from the reviewed literature.

Limited availability of high
quality data

16 16
Environmental and regulatory

constraints

Data heterogeneity and
). integration issues

Limited collaboration
between academiaand /
industry

(14
\_ High implementation and
infrastructure costs

Cybersecurity and data |
privacy risks \

| Lack of skilled professionals
! in ML and mining

Scalability of ML solutions in. 9 Resistance to technological
real operations change

Model interpretability and
transparency

Figure 7. Main challenges in the adoption of ML in mining.

e  Limited availability of high-quality data: The most frequently cited barrier concerns
the scarcity of reliable, labeled, and standardized datasets. Inconsistent data collection
practices, missing values, and poor sensor calibration directly undermine model accu-
racy and generalizability. The preparation and structured management of datasets
are therefore critical enablers of successful ML deployment within digital transforma-
tion initiatives [44]. Moreover, increasing geological complexity and the integration
of multi-source geological data introduce additional methodological challenges for
large-scale mineral prediction tasks [8].

*  Data heterogeneity and integration problems: Mining operations generate substan-
tial volumes of heterogeneous, high-dimensional, and frequently unstructured data
from multiple sources. The lack of harmonized analytical and operational mechanisms
limits the effective coordination and integration of diverse mining systems [43]. Fur-
thermore, research on digital twins and Industry 4.0-related technologies in mining
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highlights ongoing technical challenges associated with technological integration and
the broader process of digital transformation within the sector [62].

High implementation and infrastructure costs: Deploying ML solutions often de-
mands substantial investment in computational platforms, IoT sensors, data storage
systems, and specialized software. Survey-based evidence indicates that economic
constraints significantly influence Al adoption decisions in mining organizations [1].
Comparative analyses of autonomous haulage systems further emphasize the techno-
logical and economic barriers associated with large-scale digital transformation [49].
Lack of skilled professionals in ML and mining: The shortage of professionals with
competencies in both mining operations and data science constrains the effective
development and deployment of intelligent systems [45]. Industry surveys indicate a
growing demand for expertise in data science and autonomous technologies within
the mining workforce. Furthermore, the increasing adoption of advanced digital
technologies such as digital twins introduces additional competency requirements
in mining organizations [62]. This skills gap slows innovation and weakens the
alignment between algorithmic development and operational needs.

Resistance to technological change: Resistance to technological change is particularly
evident in traditional mining environments, where established operational routines,
hierarchical structures, and contextual constraints may influence the adoption of dig-
ital and data-driven technologies. Although recent studies highlight the growing
implementation of digital technologies in mining operations [3], empirical research
specifically examining the sector identifies environmental and organizational bar-
riers that can constrain technology adoption processes [107]. These structural and
contextual factors shape the pace and effectiveness of digital and machine learning
implementation in mining operations

Model interpretability and transparency: The lack of interpretability in many ML
models has raised increasing concerns as black-box approaches become widespread
across industrial domains [47]. In mining contexts, where operational decisions may
have significant safety and economic implications, limited explainability can reduce
trust and acceptance among practitioners and decision-makers. Moreover, research on
the application of ML in mineral processing emphasizes the importance of integrating
domain knowledge and phenomenological models to enhance reliability and practical
understanding in industrial environments [93].

Scalability and robustness of ML solutions: Scaling ML models from controlled or
site-specific studies to real-world mining operations is challenging, particularly in com-
plex geological and high-stress environments that demand adaptive and dynamically
reliable control systems [35]. Variations in geological, environmental, and operational
conditions reduce model robustness and limit transferability across different mining
contexts, especially in continuously changing and sensor-uncertain environments [60].
Cybersecurity and data privacy risks: Increasing digitalization and system intercon-
nectivity expose mining operations to cybersecurity threats and data protection risks.
Cyber-physical systems in mining environments require enhanced resilience and pro-
tection against disruptions and cyber threats [34]. Broader Industry 5.0 frameworks
further emphasize the need to address cyber-physical-social security and privacy
challenges in highly interconnected industrial ecosystems [63].

Limited collaboration between academia and industry: Insufficient knowledge
transfer between researchers and practitioners reduces the practical applicability
of proposed ML frameworks. Research on safe and intelligent mining highlights
ongoing theoretical and technological challenges in translating advanced concepts
into practical mining systems [22]. Moreover, studies on technology adoption in
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mining identify organizational misalignment and weak collaboration mechanisms as
barriers to innovation diffusion [107].

*  Environmental and regulatory constraints: Environmental regulations and policy
constraints may constrain experimentation and deployment of ML tools, especially in
cases involving sensitive environmental data or emissions monitoring. As highlighted
in recent studies on sustainable energy transition in mining, inconsistent regional
decarbonization policies and the need for regulatory alignment introduce significant
barriers to technological implementation in the sector [26,90]. These regulatory and
environmental factors add further complexity to ML implementation in mining.

Taken together, the reviewed evidence indicates that barriers to ML adoption in
mining are systemic and interdependent rather than isolated challenges. Technical limita-
tions—particularly those related to data quality, integration, interpretability, and model
robustness—interact with economic constraints, organizational structures, regulatory pres-
sures, and workforce capabilities. This multidimensional landscape requires coordinated
strategies that extend beyond algorithmic improvement to include institutional alignment,
digital infrastructure development, and cross-sector collaboration.

Recent literature has also emphasized the role of data and model-related limitations in
hindering the adoption of ML in geoscientific applications. The authors in [105] examine
the use of Artificial Intelligence and Machine Learning in the exploration of critical minerals,
highlighting their current limitations. The main challenges identified include the scarcity
and low quality of geological data in many regions, the lack of model interpretability,
geographic bias in training data, and difficulties in integrating expert knowledge and
unstructured sources. The study concludes that the true value of ML in geosciences depends
on its integration with human expert knowledge, proposing collaborative approaches as a
way to overcome current barriers to the adoption of these technologies.

In summary, overcoming these barriers requires more than technological advance-
ments alone. Effective implementation of ML in mining demands coordinated strategies
that include infrastructure investment, workforce development, stronger collaboration
between academia and industry, and regulatory frameworks that support responsible,
transparent, and scalable ML solutions.

4.4.5. Characterization of Included Studies

After applying the inclusion and exclusion criteria described in the methodology, a
total of 99 primary studies were selected for in-depth analysis.

In accordance with the PRISMA 2020 guidelines for reporting systematic reviews,
Table 6 provides a structured summary of the included studies, categorized by their domain
of application within smart mining.

This classification serves as a foundational overview of the current state of research
and provides the basis for the in-depth synthesis of findings presented in the following
subsections, organized according to the research questions Q01 to Q04.

However, it is important to note that most of the included studies do not explicitly
report the maturity level of the ML solutions implemented. In particular, few papers clarify
whether the systems described were conceptual models, pilot implementations, or fully
deployed in operational mining environments. This lack of detail limits the ability to assess
the actual scale of adoption across the literature. Future studies could address this gap by
incorporating standardized indicators of technology readiness or implementation stages,
which would enhance comparability and real-world relevance.
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Table 6. Synthesis of reviewed studies by application domain in smart mining.

Application Domain

Main Problems
Addressed

Predominant AI/ML
Techniques

General
Performance Trends

Main Limitations

References

Mineral Exploration
& Geological
Mapping

Low discovery rates,
high exploration
costs, orebody
delineation
uncertainty

CNNs, Random
Forest, SVM, hybrid
DL models

High classification
accuracy (>85%)

Limited labeled
datasets, poor
regional
generalization

[1-7,10-14,18,22,26,
28,34,44,50,79]

Drilling, Blasting &
Fragmentation
Analysis

Inefficient blasting,
poor fragmentation
prediction, secondary
breakage

CV + CNN, U-Net,
YOLO, Mask R-CNN

Fragmentation
prediction accuracy
>90%

Dust, lighting
variation, lack of
standard datasets

[9,15,20,23,29,38 42,
48,51,54,58,74,92]

Mine Operations &

Low productivity,
equipment

Reinforcement

Improved tracking

Harsh environments,

[16,21,24,30,37,40,41,

Equlpmep t downtime, unsafe Learning, Deep .RL’ and efficiency sensor reliability 49,53,66,71,84,89]
Automation . control-Al hybrids

manual operations

Belt tear,
Conveyor Belt & misalignment, YOLO, EfficientNet, Detection accuracy Harsh lighting, [17,25,31,39,43,51,57,
Transport Monitoring  foreign object TCN, CV detection >95% real-time constraints  60,75,92]

detection

Fatigue, PPE

Privacy, poor

Mine Safety & . YOLO, LSSVM, pose o [19,32,45,55,62,68,72,
Worker Monitoring non-compliance, estimation Accuracy 90-98% underground 76,97]

accident risk visibility !
ﬁ‘ﬁgﬁer‘;l ggzr';;;‘gon wailings  CNN, remote sensing  Detection Cloud cover, [27,33,36,46,56,59,63,
Sustainabi%i ty risﬁ illegal I;ﬁningg Al, geospatial ML performance >90% temporal limits 70,77,81,82,85,90,94]

Mineral Processing &

Low recovery,

ANN, hybrid ML +

Improved process

Data scarcity, poor

Metgllgrgy unstable process physics, predictive stability Sensors [35,47,64,67,73,78,93]
Optimization control ML
Smart Mining System integration, . . .
Systems & Digital limited decision D.lgltal twins, Al Improved planning High cost, low [42,43,87,88]
. simulation, IoT-ML maturity

Twins support
Data Infrastructure &  Energy consumption, Efficient ML, XAI, Reduced retraining Few mining 86,91,95]
Responsible AT bias, security Responsible Al energy implementations T

. Economic forecasting, . ..
Cross.-do.mam Al system-level Al Transformers, High predictive Indirect mining link [96,98-100]
Applications ensembles performance

strategy

5. Discussion

The results of this SLR provide an integrated understanding of how ML is being

applied, adopted, and expanded within the mining industry. Across the four research

questions, consistent patterns emerge that highlight both the technological maturity of
certain ML approaches and the structural limitations that still constrain their large-scale de-
ployment. Beyond summarizing the findings, this discussion reflects on their broader impli-
cations for mining digitization, technological integration, and future research trajectories.

First, the synthesis of applications (Q01) indicates that ML in mining is predominantly
oriented toward predictive and optimization-related tasks, emphasizing operational con-
tinuity and resource maximization. This predominance suggests that mining companies
prioritize ML initiatives that offer immediate operational returns, such as equipment-
life prediction, mineral classification, and predictive control in grinding and flotation.
These findings align with the sector’s emphasis on reducing downtime and maximizing
throughput, reinforcing the notion that mining organizations tend to adopt ML where
return-on-investment is more tangible. At the same time, the emergence of ML applica-
tions in environmental surveillance, tailing-dam monitoring, and safety analytics reflects a
gradual shift toward sustainability-driven innovation, consistent with global regulatory
pressures and ESG agendas.
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Second, the analysis of algorithms (Q02) reveals that the current methodological land-
scape is shaped by the nature of mining data—heterogeneous, sensor-rich, and often high
dimensional. The predominance of Decision Trees, Neural Networks, and DL architec-
tures suggests that the field is transitioning from traditional statistical approaches toward
more complex, data-driven methodologies. This trend indicates increasing computational
capability in mining operations and growing confidence in ML systems. However, the
limited use of ensemble learning, probabilistic modelling, or hybrid systems also points
to a methodological stagnation that could be addressed by adopting more sophisticated
approaches, particularly in contexts where uncertainty quantification and interpretability
are critical.

Third, the benefits identified (Q03) show that ML contributes not only to operational
efficiency and cost reduction, but also to safety, environmental management, and long-term
sustainability. While the most frequently reported benefits—predictive maintenance, grade
prediction, and process optimization—highlight the operational value of ML, the less ex-
plored advantages in energy optimization and safety monitoring indicate opportunities for
further research. These areas are particularly relevant as mining companies face increasing
pressure to decarbonize operations, reduce accidents, and demonstrate environmental
compliance. Thus, the evidence suggests that ML can serve as a bridge between economic
performance and responsible mining practices.

Finally, the analysis of challenges (Q04) reinforces that the widespread adoption of
ML is constrained more by systemic than purely technological factors. Data availability
and quality remain critical bottlenecks, especially in underground mines where sensor
deployment is limited. Additionally, the lack of standardized data architectures across
mining sites hinders model generalization and transferability—an issue amplified by the
high variability of geological and operational conditions.

In addition, evidence suggests that the current academic literature provides limited
insight into the organizational modes through which ML is adopted in mining. Most studies
focus on technical performance or application feasibility, without distinguishing whether
ML solutions are implemented as vendor-managed systems or developed and maintained
internally by mining companies. This limitation restricts the ability to assess technological
autonomy, long-term sustainability, and integration across operational workflows.

Based on the findings and limitations identified in this review, several directions for
future research can be outlined. Future studies should extend beyond academic publica-
tions by incorporating industry reports, grey literature, patent databases, and empirical
industrial case studies to better capture real-world ML adoption and deployment matu-
rity. Additionally, the explicit classification of ML applications according to their maturity
level—ranging from proof of concept to full industrial deployment—would improve the
assessment of adoption readiness.

From a broader perspective, future assessments of ML adoption in mining should
adopt a multi-dimensional framework—combining technical performance metrics with
organizational, operational, and legal considerations. This includes evaluating the role
of institutional actors, understanding lifecycle management strategies, assessing the legal
frameworks surrounding model and data ownership, and identifying patterns of internal
versus vendor-led system development. Such an integrative approach would enable a more
realistic, actionable, and industry-aligned understanding of ML’s evolving role in shaping
the future of mining.

Building upon these directions, greater emphasis should be placed on evaluating the
robustness of machine learning models under variable and harsh operational conditions,
which are typical in mining environments—particularly in underground or remote settings.
Likewise, the scalability of ML solutions across mining sites with diverse geological and
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operational characteristics remains underexplored. Legal considerations should also be
addressed, including data ownership, intellectual property rights over trained models, and
legal responsibility in safety-critical decision-making systems. Addressing these aspects
would improve the reliability, transferability, and accountability of ML implementations in
real-world industrial contexts.

Overall, the integration of findings from Q01-Q04 indicates that although the min-
ing industry recognizes the strategic value of ML and has progressed substantially in
operational applications, its transition toward fully intelligent mining systems remains
incomplete. Advancing this transition will require coordinated efforts to improve data gov-
ernance, strengthen workforce capabilities, develop interpretable and robust ML solutions,
and establish secure, scalable data-integration frameworks. Only through addressing these
structural and organizational dimensions can mining operations evolve from isolated ML
initiatives to interconnected systems capable of sustaining long-term operational efficiency,
environmental responsibility, and enhanced safety across the mining value chain.

6. Conclusions

This systematic literature review provides a comprehensive assessment of the current
state of Machine Learning (ML) adoption in the mining sector, based on 99 peer-reviewed
studies published between 2021 and 2025. The findings indicate that ML has moved beyond
purely experimental research and is progressively entering operational deployment across
selected segments of the mining value chain.

Adoption is most advanced in operational domains such as predictive maintenance,
ore characterization, logistics optimization, and process monitoring, where data availability
is relatively high and performance improvements can be directly linked to economic
outcomes. In these contexts, ML can be considered mature at the task or subsystem level.

However, adoption remains fragmented beyond these operational applications.
Enterprise-wide integration, sustainability-oriented systems, and long-term strategic plan-
ning applications are comparatively underdeveloped. Although concepts such as digital
twins and integrated decision-support ecosystems are emerging, fully validated system-
level implementations remain limited in the reviewed literature.

The benefits of ML extend beyond productivity gains and cost reduction to include
improvements in safety, energy efficiency, and environmental monitoring. Nevertheless,
these broader dimensions remain less consolidated, suggesting that current integration is
still primarily efficiency-driven rather than transformative at the organizational level.

Persistent structural barriers—including limited data quality and interoperability,
high infrastructure costs, workforce skill gaps, cybersecurity concerns, and uncertainties
regarding model robustness and interpretability—continue to constrain large-scale adop-
tion. Furthermore, the absence of standardized reporting on implementation maturity
levels (e.g., pilot vs. full deployment) makes benchmarking and comparative evaluation
challenging.

Overall, the mining sector appears to be in a transitional phase of ML integration:
applications are no longer confined to experimental contexts, yet fully integrated, enterprise-
level intelligent mining systems remain under development. Achieving systemic adoption
will require coordinated advances in data governance, organizational capability, regulatory
alignment, and rigorous real-world validation. Addressing these dimensions will be
essential for enabling ML to evolve from isolated operational tools into a foundational
pillar of next-generation intelligent mining systems.

Author Contributions: Conceptualization, ].A.R.H. and J.A.O.A.; methodology, ]. A.O.A_; software,

R.V.V.C,; validation, M.G.M., R.V.V.C. and J.L.A.N.; formal analysis, M.G.M. and R.V.V.C.; inves-
tigation, M.G.M.; resources, J.L.A.N,; data curation, J.L.A.N; writing—original draft preparation,

https:/ /doi.org/10.3390/a19030197


https://doi.org/10.3390/a19030197

Algorithms 2026, 19, 197 24 of 28

J.A.R.H.; writing—review and editing, A.L.A.; visualization, A.L.A.; supervision, ].A.O.A.; project
administration, ].A.R.H. and A.L.A. All authors have read and agreed to the published version of the

manuscript.

Funding: This research did not receive external funding.

Institutional Review Board Statement: Not applicable for studies not involving humans or animals.
Informed Consent Statement: Not applicable for studies not involving humans.

Data Availability Statement: In this study, no new data was created or analyzed. Data sharing is
not applicable to this article.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.  Mahmoudi Kouhi, R; Tariq Najeeb, A.; Taherdangkoo, R.; Doulati Ardejani, F; Butscher, C. A survey study on the adoption and
perception of artificial intelligence in the mining industry. Discov. Appl. Sci. 2025, 7, 713. [CrossRef]

2. Cheng, S.; Yaermaimaiti, Y.; Xie, L.; Li, X,; Ma, Y. Lightweight detection algorithms for small targets on unmanned mining trucks.
Meitan Kexue Jishu/Coal Sci. Technol. 2025, 53, 262-274.

3. Flores-Castafieda, R.O.; Olaya-Cotera, S.; Lépez-Porras, M.; Tarmefio-Juscamaita, E.; Iparraguirre-Villanueva, O. Technological
advances and trends in the mining industry: A systematic review. Miner. Econ. 2025, 38, 221-236. [CrossRef]

4. Maftouh, J.; Yaagoubi, R.; Bouziani, M.; Oubah, R. Integrating cutting-edge technologies in smart mining across the value chain:
A comprehensive state of the art. Int. J. Min. Reclam. Environ. 2025. [CrossRef]

5. Clausen, E.; Sérensen, A. Required and desired: Breakthroughs for future-proofing mineral and metal extraction. Miner. Econ.
2022, 35, 51-57. [CrossRef]

6. Chen, Y,; Wang, G.; Mou, N.; Huang, L.; Mei, R.; Zhang, M. Machine-learning-based integrated mining big data and multi-
dimensional ore-forming prediction: A case study of Yanshan Iron Mine, Hebei, China. Appl. Sci. 2025, 15, 4082. [CrossRef]

7. Han, H; Suh, J. Application of deep learning and optical character recognition technology to automate classification and database
of borehole log for ground stability investigation of abandoned mines. Econ. Environ. Geol. 2024, 57, 473-486. [CrossRef]

8. Fu,Z,;Zheng, X; Yan, Y,; Xu, X.; Zhou, F,; Li, X.; Zhou, Q.; Mai, W. The Evolution of Machine Learning in Large-Scale Mineral
Prospectivity Prediction: A Decade of Innovation (2016-2025). Minerals 2025, 15, 1042. [CrossRef]

9.  Wu, P; Zhao, G.; Li, Y. Research and development trend of green mining: A bibliometric analysis. Environ. Sci. Pollut. Res. 2023,
30, 23398-23410. [CrossRef]

10. Wang, D.; Li, Y,; Gong, C; Li, T.; Wang, E; Luo, S.; Li, J. Distributionally robust hybrid energy management in smart mining using
process-coupled primal-dual mirror descent. Sci. Rep. 2025, 15, 26121. [CrossRef]

11. Kamran, M.; Faizan, M.; Wang, S.; Armaghani, D.J.; Asteris, P.G.; Pradhan, B. Generative Al with prompt engineering in
construction: Enhancing predictive slope stability modelling for safe, sustainable, climate-smart mining practices. Geosci. Front.
2025, 16, 102163. [CrossRef]

12.  Hosseini, S.; Monjezi, M.; Bakhtavar, E. Minimization of blast-induced dust emission using gene-expression programming and
grasshopper optimization algorithm: A smart mining solution based on blasting plan optimization. Clean Technol. Environ. Policy
2022, 24, 2313-2328. [CrossRef]

13. Prannav, P; Ompirakash Mahalakshmi, P.; Arockia Abins, A. Smart mining helmet: Integrating Al for enhanced safety and
efficiency in underground mining. Lect. Notes Netw. Syst. 2026, 1507, 87-95.

14. Shi, D.; Chen, Z.; Zhang, X.; Xie, C. Intelligent mine safety risk based on knowledge graph: Hotspots and frontiers. Environ. Sci.
Pollut. Res. 2024, 31, 20699-20713. [CrossRef]

15. Hazrathosseini, A.; Afrapoli, A.M. Intelligent fleet management systems in surface mining: Status, threats, and opportunities.
Mining, Metall. Explor. 2023, 40, 2087-2106. [CrossRef]

16. Ge, S.; Wang, F-Y,; Yang, J.; Ding, Z.; Wang, X,; Li, Y,; Teng, S.; Liu, Z.; Ai, Y.; Chen, L. Making standards for smart mining
operations: Intelligent vehicles for autonomous mining transportation. IEEE Trans. Intell. Veh. 2022, 7, 413-416. [CrossRef]

17. Choi, Y. Recent advances in smart mining technology. Appl. Sci. 2023, 13, 3726. [CrossRef]

18. Jiskani, LM.; Zhou, W.; Hosseini, S.; Wang, Z. Mining 4.0 and climate neutrality: A unified and reliable decision system for safe,
intelligent, and green & climate-smart mining. J. Clean. Prod. 2023, 410, 137313. [CrossRef]

19. Jiskani, I.LM.; Cai, Q.; Zhou, W.; Shah, S.A.A. Green and climate-smart mining: A framework to analyze open-pit mines for cleaner
mineral production. Resour. Policy 2021, 71, 102007. [CrossRef]

20. Majstorovic, V.; Simeunovic, V.; Miskovic, Z.; Mitrovic, R.; Stosic, D.; Dimitrijevic, S. Smart manufacturing as a framework for

smart mining. Procedia CIRP 2021, 104, 188-193. [CrossRef]

https:/ /doi.org/10.3390/a19030197


http://dx.doi.org/10.1007/s42452-025-07342-1
http://dx.doi.org/10.1007/s13563-024-00455-w
http://dx.doi.org/10.1080/17480930.2025.2604235
http://dx.doi.org/10.1007/s13563-022-00328-0
http://dx.doi.org/10.3390/app15084082
http://dx.doi.org/10.9719/EEG.2024.57.5.473
http://dx.doi.org/10.3390/min15101042
http://dx.doi.org/10.1007/s11356-022-23830-y
http://dx.doi.org/10.1038/s41598-025-11013-x
http://dx.doi.org/10.1016/j.gsf.2025.102163
http://dx.doi.org/10.1007/s10098-022-02327-9
http://dx.doi.org/10.1007/s11356-024-32561-1
http://dx.doi.org/10.1007/s42461-023-00875-2
http://dx.doi.org/10.1109/TIV.2022.3197820
http://dx.doi.org/10.3390/app13063726
http://dx.doi.org/10.1016/j.jclepro.2023.137313
http://dx.doi.org/10.1016/j.resourpol.2021.102007
http://dx.doi.org/10.1016/j.procir.2021.11.032
https://doi.org/10.3390/a19030197

Algorithms 2026, 19, 197 25 of 28

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Yudhistyra, W.I; Srinuan, C. Al-powered mixed reality acceptance in mining: A PLS-SEM and Bayesian network modeling.
Sustain. Futures 2025, 10, 100874. [CrossRef]

Dong, L.-].; Wang, J.; Wang, J.-C.; Wang, H.-W. Safe and intelligent mining: Some explorations and challenges in the era of big
data. J. Cent. South Univ. 2023, 30, 1900-1914. [CrossRef]

Wang, L.; Liu, ].; Sun, Z.; Wang, H.; Nan, J.; Gui, X.; Dai, W. Intelligent real-time ash content detection for coal flotation concentrate
using multi-source data fusion. Fuel 2026, 406, 137132. [CrossRef]

He, P; Wang, Y.; Zheng, G.; Zhou, H. Design and implementation of an edge computing-based underground IoT monitoring
system. Mining 2025, 5, 54. [CrossRef]

Shamsi, M.; Zakerinejad, M.; Zareifard, M.R. Optimal, reliable, and sustainable technology selection for mining overburden waste
utilization using green & climate-smart mining (GCSM): A hybrid fuzzy multi-criteria decision-making tool. J. Environ. Chem.
Eng. 2025,13, 116118.

Frenz, W. Mining 4.0, Al and law [Bergbau 4.0, KI und Recht]. Min. Rep. 2025, 161, 186-195.

Baik, H.; Son, Y.-S.; Kim, K.-E. A tunnel coaxial 3D hyperspectral scanning system for underground mine investigation. Sci. Rep.
2023, 13, 10417. [CrossRef]

Mulevu, C.M.; Okeyo, G.O.; Wafula, ].M. Data stream mining techniques for real-time monitoring and control of smart power
grids in Kenya: Challenges and opportunities. Discov. Internet Things 2025, 5, 51. [CrossRef]

Jiang, F; Song, H.; Shen, X.; Huang, T.; Zhou, G.; Zhu, Z.; Li, Q. A novel fault transfer diagnosis method using CBAM-
MobileNetV2 and its application to mine hoist main bearings under variable working conditions. J. Mech. Sci. Technol. 2025, 39,
3091-3104. [CrossRef]

Liu, L.; Shang, Y.; Berbille, A.; Willatzen, M.; Wang, Y.; Li, X;; Luo, X.; Chen, J.; Yang, B.; Du, C,; et al. Self-powered sensing
platform based on triboelectric nanogenerators towards intelligent mining industry. Nat. Commun. 2025, 16, 5141. [CrossRef]
Hu, Z,; Lin, S.; Gong, Z.; He, X.; Pang, Y.; Song, X. Dynamic model construction and parameter identification for the intelligent
mining electric shovel considering different disturbances. Struct. Multidiscip. Optim. 2025, 68, 101. [CrossRef]

Li, H.; Wang, P.; Werner, T.T.; Chen, B.; Chen, W.-Q. Machine learning-enhanced monitoring of global copper mining areas. Sci.
Data 2025, 12, 1120. [CrossRef] [PubMed]

Azhari, F; Sennersten, C.C.; Lindley, C.A_; Sellers, E. Deep learning implementations in mining applications: A compact critical
review. Artif. Intell. Rev. 2023, 56, 14367-14402. [CrossRef]

Du, P; Wang, X.; Li, T,; Su, C.; Li, Z. Resilience analysis of mine ventilation cyber-physical fusion system. ]. Supercomput. 2025,
81, 51. [CrossRef]

Zhu, M.; Han, X. Human-machine-environment collaborative control architecture and dynamic reliability optimization of coal
mine longwall face driven by the Kuanghong system. Discov. Appl. Sci. 2025, 7, 1386. [CrossRef]

Zhang, K; Xu, L.; Li, X;; Mao, M.; Fu, D.; Zhang, Y.; Kang, L.; Wang, X. Research on big data analysis and decision system of
intelligent mining in transparent working face. Coal Sci. Technol. 2022, 50, 252-262.

Arif, A.; Zhang, C.; Feng, M.; Sajib, M.H.; Habibullah, M.; Hasan, S.; Rana, M.S.; Mohammadamini, K.; Alip, M.; Zhang, Y.
Mining-Induced Subsidence Predicting and Monitoring: A Comprehensive Review of Methods and Technologies. Geotech. Geol.
Eng. 2025, 43, 314. [CrossRef]

Zhang, M.; Zhao, L.; Shi, B. Analysis and construction of the coal and rock cutting state identification system in coal mine
intelligent mining. Sci. Rep. 2023, 13, 3489. [CrossRef]

Li, X,; Li, D.; Deng, Y.; Xing, J. Intelligent mining algorithm for complex medical data based on deep learning. . Ambient. Intell.
Humaniz. Comput. 2021, 12, 1667-1678. [CrossRef]

Liu, Y;; Peng, P; Wang, L.; Wu, J.; Lei, M.; Zhang, C.; Lei, R. PSO-NMPC control strategy based path tracking control of mining
LHD (scraper). Sci. Rep. 2024, 14, 28516. [CrossRef]

Wang, L.; Jia, B.; Su, G. Prediction of coal and gas outbursts based on physics informed neural networks and traditional machine
learning models. Sci. Rep. 2025, 15, 29984. [CrossRef] [PubMed]

Li, S.; Li, W,; Zheng, W.; Xia, Y.; Guo, K.; Peng, Q.; Li, X; Ren, J. Multi-user joint task offloading and resource allocation based on
mobile edge computing in mining scenarios. Sci. Rep. 2025, 15, 16170. [CrossRef] [PubMed]

Xie, J.; Ge, E; Cui, T.; Wang, X. A virtual test and evaluation method for fully mechanized mining production system with
different smart levels. Int. J. Coal Sci. Technol. 2022, 9, 41. [CrossRef]

Sehgal, A. Exploring Data Mining and Algorithms. In Demystifying Digital Transformation: Non-Technical Toolsets for Business
Professionals Thriving in the Digital Age; Apress: Berkeley, CA, USA, 2023; pp. 163-210.

Soydan, H.; Diizgiin, H.; Brune, J. A novel job similarity index for career transition in the mining industry. Mining, Metall. Explor.
2024, 41, 2257-2278. [CrossRef]

Ruiz, F; Safanelli, J.L.; Perlatti, F.; Cherubin, M.R.; Dematté, ].A.M.; Pellegrino Cerri, C.E.; Otero, X.L.; Rumpel, C.; Ferreira, T.O.
Constructing soils for climate-smart mining. Commun. Earth Environ. 2023, 4, 219. [CrossRef]

https:/ /doi.org/10.3390/a19030197


http://dx.doi.org/10.1016/j.sftr.2025.100874
http://dx.doi.org/10.1007/s11771-023-5350-4
http://dx.doi.org/10.1016/j.fuel.2025.137132
http://dx.doi.org/10.3390/mining5030054
http://dx.doi.org/10.1038/s41598-023-37565-4
http://dx.doi.org/10.1007/s43926-025-00146-0
http://dx.doi.org/10.1007/s12206-025-0509-6
http://dx.doi.org/10.1038/s41467-025-60418-9
http://dx.doi.org/10.1007/s00158-025-04048-1
http://dx.doi.org/10.1038/s41597-025-05296-y
http://www.ncbi.nlm.nih.gov/pubmed/40593948
http://dx.doi.org/10.1007/s10462-023-10500-9
http://dx.doi.org/10.1007/s11227-024-06533-8
http://dx.doi.org/10.1007/s42452-025-07873-7
http://dx.doi.org/10.1007/s10706-025-03271-3
http://dx.doi.org/10.1038/s41598-023-30617-9
http://dx.doi.org/10.1007/s12652-020-02239-w
http://dx.doi.org/10.1038/s41598-024-79248-8
http://dx.doi.org/10.1038/s41598-025-02320-4
http://www.ncbi.nlm.nih.gov/pubmed/40819169
http://dx.doi.org/10.1038/s41598-025-00730-y
http://www.ncbi.nlm.nih.gov/pubmed/40346170
http://dx.doi.org/10.1007/s40789-022-00510-3
http://dx.doi.org/10.1007/s42461-024-01017-y
http://dx.doi.org/10.1038/s43247-023-00862-x
https://doi.org/10.3390/a19030197

Algorithms 2026, 19, 197 26 of 28

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

Atzmueller, M,; Fiirnkranz, J.; Kliegr, T.; Schmid, U. Explainable and interpretable machine learning and data mining. Data Min.
Knowl. Discov. 2024, 38, 2571-2595. [CrossRef]

Hu, C; Yu, J.; Zhang, G.; Wang, Z. Research on intelligent mining of super-high core wall dam complex soil stockyard. In
Geotechnical Modeling and Intelligent Systems; Zhao, G.F,, Ed.; Springer: Singapore, 2026.

Chen, X.; Khan, M.R. A juxtaposition of autonomous haulage systems in China and Australia: Technological, economic, and
social perspectives. Mining Metall. Explor. 2026, 43, 1-16.

Wang, Z.; Zhou, W.; Jiskani, LM.; Yang, Y.; Yan, J.; Luo, H.; Han, J. A novel approach to forecast dust concentration in open pit
mines by integrating meteorological parameters and production intensity. Environ. Sci. Pollut. Res. 2023, 30, 114591-114609.
[CrossRef]

Islam, M.M.; Ahmed, F; Al Mahmud, A.; Shahbaz, M. The role of rare earth and metallic mineral prices and sovereign inflation-
linked bonds in Al-driven fintech industrial development amid the Russia—Ukraine conflict: A dynamic quantile analysis
approach. Financ. Innov. 2025, 11, 140. [CrossRef]

Nikbin, R.; Bagherpour, R.; Purhamadani, E.; Taherinia, A. Enhancing sustainability in mining by reducing hauling energy
consumption through optimization of distance and slope with semi-mobile in-pit crushers and conveyors. Sci. Rep. 2025, 15, 22119.
[CrossRef]

Ojha, A K,; Biswas, R.; Krishna, A.P. Stacked encoding and AutoML-based identification of lead-zinc small open pit active mines
around Rampura Agucha in Rajasthan state, India. Sci. Rep. 2025, 15, 5766. [CrossRef] [PubMed]

Jalalian, M.H.; Bagherpour, R.; Khoshouei, M. The use of acoustic emission technique in MWD for mine to mill approach as a
smart tool for sustainable mining. Sci. Rep. 2025, 15, 25383. [CrossRef] [PubMed]

Balaguera, A.; Torné, M.; Carbonell, R.; Marti, A.; Vergés, J.; Jurado, M.].; Sdnchez-Pastor, P,; Farci, A.; Davoise, D.; Rodriguez,
S. Machine learning in subsurface physical properties and lithofacies prediction in a mining context. Sci. Rep. 2025, 15, 26495.
[CrossRef] [PubMed]

Chen, L.; Xie, Y.; Wang, Y.; Ge, S.; Wang, E.-Y. Sustainable Mining in the Era of Artificial Intelligence. IEEE/CAA ]. Autom. Sin.
2024, 11, 1-4. [CrossRef]

Chen, L,; Li, Y,; Silamu, W.; Li, Q.; Ge, S.; Wang, F.-Y. Smart Mining With Autonomous Driving in Industry 5.0: Architectures,
Platforms, Operating Systems, Foundation Models, and Applications. IEEE Trans. Intell. Veh. 2024, 9, 4383-4393. [CrossRef]
Akbulut, N.K,; Anani, A.; Adewuyi, S.0. Review of virtual reality integration for safer and efficient mining operations. IEEE
Access 2025, 13, 34177-34199. [CrossRef]

Yang, Q.; Ai, Y,; Teng, S.; Gao, Y.; Cui, C,; Tian, B.; Chen, L. Decoupled real-time trajectory planning for multiple autonomous
mining trucks in unloading areas. IEEE Trans. Intell. Veh. 2023, 8, 4319-4330. [CrossRef]

Bhandari, V,; James, J.; D’Adamo, T.; Phillips, T.; McAree, P.R. Real-time dynamic terrain mapping for autonomous mining
operations. IEEE Trans. Field Robot. 2025, 2, 437-464. [CrossRef]

Xu, Z.; Li, ].; Zhang, M. A surveillance video real-time analysis system based on edge-cloud and FL-YOLO cooperation in coal
mine. IEEE Access 2021, 9, 68482-68497. [CrossRef]

Galagedarage Don, M.; Wanasinghe, T.R.; Gosine, R.G.; Warrian, PJ. Digital twins and enabling technology applications in
mining: Research trends, opportunities, and challenges. IEEE Access 2025, 13, 6945-6963. [CrossRef]

Wang, X.; Yang, J.; Wang, Y.; Miao, Q.; Wang, E-Y.; Zhao, A.; Deng, J.-L.; Li, L.; Na, X.; Vlacic, L. Steps toward Industry 5.0:
Building ‘6S’ parallel industries with cyber-physical-social intelligence. IEEE/CAA J. Autom. Sin. 2023, 10, 1692-1703. [CrossRef]
Muduli, L.; Mishra, D.P; Jana, P.K. Optimized fuzzy logic-based fire monitoring in underground coal mines: Binary particle
swarm optimization approach. IEEE Syst. J. 2020, 14, 3039-3046. [CrossRef]

Olugboja, A. Integrating Al and data mining tools into information systems courses: A case study of successes, challenges, and
student outcomes. In Proceedings of the 2025 14th International Conference on Educational and Information Technology (ICEIT),
Guangzhou, China, 14-16 March 2025; pp. 476-483.

Upadhyay, S. Drivers for sustainable mining waste management—A mixed-method study on the Indian mining industry. Resour.
Policy 2022, 79, 102904.

Taiwo, B.O.; Fissha, Y.; Hosseini, S.; Khishe, M.; Kahraman, E.; Adebayo, B.; Sazid, M.; Adesida, P.A.; Famobuwa, O.V,; Faluyi,
J.O.; et al. Machine learning based prediction of flyrock distance in rock blasting: A safe and sustainable mining approach. Green
Smart Min. Eng. 2024, 1, 346-361. [CrossRef]

Kahraman, E.; Hosseini, S.; Taiwo, B.O.; Fissha, Y.; Jebutu, V.A.; Akinlabi, A.A.; Adachi, T. Fostering sustainable mining practices
in rock blasting: Assessment of blast toe volume prediction using comparative analysis of hybrid ensemble machine learning
techniques. J. Saf. Sustain. 2024, 1, 75-88. [CrossRef]

Domingo, J.P.T,; Jenkin, G.R.T.; Quick, L.; Williams, R.D.; Hudson-Edwards, K.A.; Tortajada, C.; Byrne, P.; Coulthard, T.J;
Padrones, ].T.; Crane, R.; et al. Sustainable mining in tropical, biodiverse landscapes: Environmental challenges and opportunities
in the archipelagic Philippines. J. Clean. Prod. 2024, 468, 143114. [CrossRef]

https:/ /doi.org/10.3390/a19030197


http://dx.doi.org/10.1007/s10618-024-01041-y
http://dx.doi.org/10.1007/s11356-023-30443-6
http://dx.doi.org/10.1186/s40854-025-00888-4
http://dx.doi.org/10.1038/s41598-025-06534-4
http://dx.doi.org/10.1038/s41598-025-89672-z
http://www.ncbi.nlm.nih.gov/pubmed/39962260
http://dx.doi.org/10.1038/s41598-025-09491-0
http://www.ncbi.nlm.nih.gov/pubmed/40659673
http://dx.doi.org/10.1038/s41598-025-11953-4
http://www.ncbi.nlm.nih.gov/pubmed/40691509
http://dx.doi.org/10.1109/JAS.2023.124182
http://dx.doi.org/10.1109/TIV.2024.3365997
http://dx.doi.org/10.1109/ACCESS.2025.3541724
http://dx.doi.org/10.1109/TIV.2023.3312813
http://dx.doi.org/10.1109/TFR.2025.3583973
http://dx.doi.org/10.1109/ACCESS.2021.3077499
http://dx.doi.org/10.1109/ACCESS.2025.3526881
http://dx.doi.org/10.1109/JAS.2023.123753
http://dx.doi.org/10.1109/JSYST.2019.2939235
http://dx.doi.org/10.1016/j.gsme.2024.08.006
http://dx.doi.org/10.1016/j.jsasus.2024.05.001
http://dx.doi.org/10.1016/j.jclepro.2024.143114
https://doi.org/10.3390/a19030197

Algorithms 2026, 19, 197 27 of 28

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.
80.

81.

82.

83.

84.

85.

86.

87.

88.
89.

90.

91.

92.

93.

94.

95.

96.

Ming, L.; Wang, Y.; Liu, G.; Meng, L.; Chen, X. Analysis of vegetation dynamics from 2001 to 2020 in China’s Ganzhou rare earth
mining area using time series remote sensing and SHAP-enhanced machine learning. Ecol. Inform. 2024, 84, 102887. [CrossRef]
Munagala, V.; Thudumu, S.; Logothetis, I.; Bhandari, S.; Vasa, R.; Mouzakis, K. A comprehensive survey on machine learning
applications for drilling and blasting in surface mining. Mach. Learn. Appl. 2024, 15, 100517. [CrossRef]

Ghojoghi, E.; Ebrahimi Farsangi, M.A.; Mansouri, H.; Rashedi, E. Prediction and minimization of blasting flyrock distance
using deep neural networks and gravitational search algorithm, JAYA, and multi-verse optimization algorithms. Heliyon 2024,
10, €37876. [CrossRef]

Taiwo, B.O.; Gebretsadik, A.; Abbas, H.H.; Khishe, M.; Fissha, Y.; Kahraman, E.; Rabbani, A.; Akinlabi, A.A. Explosive utilization
efficiency enhancement: An application of machine learning for powder factor prediction using critical rock characteristics.
Heliyon 2024, 10, €33099. [CrossRef]

Alyami, M.; Onyelowe, K.; AlAteah, A.H.; Alahmari, T.S.; Alsubeai, A.; Ullah, I.; Javed, M.F. Innovative hybrid machine learning
models for estimating the compressive strength of copper mine tailings concrete. Case Stud. Constr. Mater. 2024, 21, e03869.
[CrossRef]

Hansen, T.E; Erharter, G.H.; Liu, Z.; Torresen, J. A comparative study on machine learning approaches for rock mass classification
using drilling data. Appl. Comput. Geosci. 2024, 24, 100199. [CrossRef]

Wang, Q.; Xiang, J.; Yue, P; Zhang, S.; Lu, Y.; Zhang, R.; Huang, J. Flyrock distance prediction using a hybrid LightGBM ensemble
learning and two nature-based metaheuristic algorithms. J. Rock Mech. Geotech. Eng. 2026, 18, 129-150. [CrossRef]

Balaska, V.; Papapetros, L.T.; Oikonomou, K.M.; Bampis, L.; Gasteratos, A. UAV Object Detection and Positioning in a Mining
Industrial Metaverse with Custom Geo-Referenced Data. arXiv 2025, arXiv:2506.13505. [CrossRef]

Abfertiawan, M.S.; Kautsar, M.D.; Hasan, F; Palinggi, Y.; Pranoto, K. The Application of Artificial Neural Network Model to
Predicting the Acid Mine Drainage from Long-Term Lab Scale Kinetic Test. arXiv 2024, arXiv:2409.02128. [CrossRef]

Rivera, A.C.; Moore, A.; Robinson, S. Coal Mining Question Answering with LLMs. arXiv 2024, arXiv:2410.02959. [CrossRef]
Yu, W,; Zhang, X.; Zhu, X.X.; Gloaguen, R.; Ghamisi, P. MineNetCD: A Benchmark for Global Mining Change Detection on
Remote Sensing Imagery. arXiv 2024, arXiv:2407.03971v1.

Balaniuk, R.; Isupova, O.; Reece, S. Mining and Tailings Dam Detection in Satellite Imagery Using Deep Learning. arXiv 2020,
arXiv:2007.01076. [CrossRef]

Ferreira, E.; Brito, M.; Balaniuk, R.; Alvim, M.S.; dos Santos, ].A. BrazilDAM: A Benchmark Dataset for Tailings Dam Detection.
arXiv 2020, arXiv:2003.07948. [CrossRef]

Mohsin, M.; Rovetta, S.; Masulli, E; Cabri, A. Virtual Mines: Component-Level Recycling of Printed Circuit Boards Using Deep
Learning. arXiv 2024, arXiv:2406.17162.

Leung, R.; Hill, A.J.; Melkumyan, A. Automation and Al Technology in Surface Mining With a Brief Introduction to Open-Pit
Operations in the Pilbara. arXiv 2023, arXiv:2301.09771. [CrossRef]

Ghamisi, P;; Yu, W.; Marinoni, A.; Gevaert, C.M.; Persello, C.; Selvakumaran, S.; Girotto, M.; Horton, B.P,; Rufin, P.; Hostert, P,; et
al. Responsible Al for Earth Observation. arXiv 2024, arXiv:2405.20868. [CrossRef]

Aycaya-Paco, Y.B.; Vilca-Mamani, L.D.; Torres-Cruz, F. Peru Mining: Analysis and Forecast of Mining Production in Peru Using
Time Series and Data Science Techniques. arXiv 2023, arXiv:2307.06293. [CrossRef]

Poenaru-Olaru, L.; Sallou, J.; Cruz, L.; Rellermeyer, J.; van Deursen, A. Sustainable Machine Learning Retraining: Optimizing
Energy Efficiency Without Compromising Accuracy. arXiv 2025, arXiv:2506.13838. [CrossRef]

Anvari, K.; Benndorf, J. Real Time Mining—A Review of Developments Within the Last Decade. Mining 2025, 5, 38. [CrossRef]
Tan, J.; Melkoumian, N.; Harvey, D.; Akmeliawati, R. Nature-Inspired Solutions for Sustainable Mining: Applications of NIAs,
Swarm Robotics, and Other Biomimicry-Based Technologies. Biomimetics 2025, 10, 181. [CrossRef]

Amegboleza, A.A,; Ulkii, M.A. Sustainable Energy Transition for the Mining Industry: A Bibliometric Analysis of Trends and
Emerging Research Pathways. Sustainability 2025, 17, 2292. [CrossRef]

Spyropoulos, A.Z.; Tsiantos, V. Interoperable Semantic Systems in Public Administration: Al-Driven Data Mining from Law-
Enforcement Reports. Computers 2025, 14, 376.

Shan, D.; Qu, F; Wang, Z,; Ji, Y.; Xu, ]. A Review of the Application of Computer Vision Techniques in Sustainable Engineering of
Open Pit Mines. Sustainability 2025, 17, 3051. [CrossRef]

Estay, H.; Lois-Morales, P.; Montes-Atenas, G.; Ruiz del Solar, ]. On the Challenges of Applying Machine Learning in Mineral
Processing and Extractive Metallurgy. Minerals 2023, 13, 788. [CrossRef]

Tayebi-Khorami, M.; Edraki, M.; Corder, G.; Golev, A. Re-Thinking Mining Waste through an Integrative Approach Led by
Circular Economy Aspirations. Minerals 2019, 9, 286. [CrossRef]

Chalgri, S.R.; Memon, M.S.; Siddiqui, EI; Shaikh, S.A. An Indicator-Based Framework for Sustainable Mining Using Fuzzy AHP.
Earth 2025, 6, 23. [CrossRef]

Zhou, C; Liu, G.; Huang, L.; Wen, Y. Spatiotemporal Companion Pattern (STCP) Mining of Ships Based on Trajectory Features.
Engineering 2025, 2, 7.

https:/ /doi.org/10.3390/a19030197


http://dx.doi.org/10.1016/j.ecoinf.2024.102887
http://dx.doi.org/10.1016/j.mlwa.2023.100517
http://dx.doi.org/10.1016/j.heliyon.2024.e37876
http://dx.doi.org/10.1016/j.heliyon.2024.e33099
http://dx.doi.org/10.1016/j.cscm.2024.e03869
http://dx.doi.org/10.1016/j.acags.2024.100199
http://dx.doi.org/10.1016/j.jrmge.2025.02.025
http://dx.doi.org/10.48550/arXiv.2506.13505
http://dx.doi.org/10.48550/arXiv.2409.02128
http://dx.doi.org/10.48550/arXiv.2410.02959
http://dx.doi.org/10.48550/arXiv.2007.01076
http://dx.doi.org/10.48550/arXiv.2003.07948
http://dx.doi.org/10.48550/arXiv.2301.09771
http://dx.doi.org/10.48550/arXiv.2405.20868
http://dx.doi.org/10.48550/arXiv.2307.06293
http://dx.doi.org/10.48550/arXiv.2506.13838
http://dx.doi.org/10.3390/mining5030038
http://dx.doi.org/10.3390/biomimetics10030181
http://dx.doi.org/10.3390/su17052292
http://dx.doi.org/10.3390/su17073051
http://dx.doi.org/10.3390/min13060788
http://dx.doi.org/10.3390/min9050286
http://dx.doi.org/10.3390/earth6020023
https://doi.org/10.3390/a19030197

Algorithms 2026, 19, 197 28 of 28

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

Baek, J.-W.; Chung, K. Swin Transformer-Based Object Detection Model Using Explainable Meta-Learning Mining. Appl. Sci.
2023, 13, 3213. [CrossRef]

Sanchez, P.; Amig, D.; Garcia, J.; Molina, J. Architecture for Trajectory-Based Fishing Ship Classification with AIS Data. Saf.
Extrem. Environ. 2025, 7, 10.

Aloudah, M.; Alajmi, M.; Sagheer, A.; Algosaibi, A.; Almarri, B.; Albelwi, E. Al-powered trade forecasting: A data-driven
approach to Saudi Arabia’s non-oil exports. Big Data Cogn. Comput. 2025, 9, 94. [CrossRef]

Chen, S.; Zhang, C.; Wu, L.; Wang, Z.; Wu, W.; Li, S.; Gao, H. Collision avoidance behavior mining model considering encounter
scenarios. Appl. Sci. 2025, 15, 2616. [CrossRef]

Lu, W,; Shirani Faradonbeh, R.; Xie, H.; Stothard, P. Deep Learning for Predicting Surface Elevation Change in Tailings Storage
Facilities from UAV-Derived DEMs. Appl. Sci. 2025, 15, 10982. [CrossRef]

Tsachouridis, S.; Pavloudakis, F.; Sachpazis, C.; Tsioukas, V. Monitoring Slope Stability: A Comprehensive Review of UAV
Applications in Open-Pit Mining. Land 2025, 14, 1193. [CrossRef]

Le Roux, R.; Sepehri, M.; Khaksar, S.; Murray, I. Slope Stability Monitoring Methods and Technologies for Open-Pit Mining: A
Systematic Review. Mining 2025, 5, 32. [CrossRef]

Xu, Y;; Zuo, R; Bai, Y. Geological Knowledge-Guided Dual-Branch Deep Learning Model for Identification of Geochemical
Anomalies Related to Mineralization. J. Geophys. Res. Mach. Learn. Comput. 2025, 2, e2024JH000468. [CrossRef]

Davies, R.S.; Trott, M.; Georgi, J.; Farrar, A. Artificial Intelligence and Machine Learning to Enhance Critical Mineral Deposit
Discovery. Geosyst. Geoenviron. 2025, 4, 100361. [CrossRef]

Racchumi, V.J.; Rosales Huamani, J.A.; Castillo Sequera, J.L. Construction of a Predictive Model of Shovel Productivity Applying
Machine Learning Algorithms. Earth Sci. Inform. 2025, 18, 86.

Ediriweera, A.; Wiewiora, A. Barriers and enablers of technology adoption in the mining industry. Resour. Policy 2021, 73, 102188.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390/a19030197


http://dx.doi.org/10.3390/app13053213
http://dx.doi.org/10.3390/bdcc9040094
http://dx.doi.org/10.3390/app15052616
http://dx.doi.org/10.3390/app152010982
http://dx.doi.org/10.3390/land14061193
http://dx.doi.org/10.3390/mining5020032
http://dx.doi.org/10.1029/2024JH000468
http://dx.doi.org/10.1016/j.geogeo.2025.100361
http://dx.doi.org/10.1016/j.resourpol.2021.102188
https://doi.org/10.3390/a19030197

	Introduction
	Literature Review
	Smart Mining
	Optimization of Mining Exploration
	Optimization of Mineral Extraction
	Predictive Maintenance and Safety
	Improvements in Energy Efficiency and Environmental Sustainability
	Challenges and Obstacles in the Implementation of ML in Mining

	Materials and Methods
	Eligibility Criteria
	Information Sources
	Search Strategy
	Data Collection Process
	Data Items 
	Assessment of the Risk of Bias of the Study
	Effect Measures
	Synthesis Methods
	Assessment of Reporting Bias
	Certainty Assessment

	Results
	Study Selection
	Identification
	Screening
	Inclusion

	Study Characteristics
	Risk of Bias in Studies
	Results of the Syntheses
	Q01. What Are the Main Applications of ML in Mining Process Optimization?
	Q02. Which Machine Learning Algorithms Are Most Frequently Used in Smart Mining, and What Are Their Key Algorithmic Characteristics?
	Q03. What Are the Main Benefits of Implementing ML in Mining?
	Q04. What Challenges do Researchers and Industry Face in Adopting ML in Mining?
	Characterization of Included Studies


	Discussion
	Conclusions
	References

