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International Copper Study GroupForeword

Artificial intelligence is rapidly becoming a defining factor in the future of the global mining industry. Its
significance goes well beyond technology. AI is reshaping how mining creates value, manages risk, and
earns and sustains the social licence on which the sector ultimately depends. As ore bodies become more
complex, environmental expectations more demanding, and geopolitical conditions more uncertain, the
ability to generate, integrate, and govern intelligence in real time is emerging as a strategic asset for min-
ing countries and companies alike.
Across the mining value chain, artificial intelligence is already transforming established practices. In ex-
ploration, advanced data analytics allow the integration of geological, geochemical, and geophysical infor-
mation at unprecedented scale, improving the precision of resource identification, shortening development
timelines, and reducing the environmental footprint of exploration activities. In production and process-
ing, intelligent systems support better mine design, more efficient material movement, and improved plant
control, contributing to higher recovery rates and more stable operations, while reducing energy and water
intensity.
These technological advances also offer important opportunities to place safety and sustainability at the
centre of mining development. Predictive tools and real-time monitoring systems are strengthening the
ability of operations to anticipate equipment failures, geotechnical risks, and adverse environmental condi-
tions, enabling preventive action and reducing exposure of workers to hazardous tasks. At the same time,
improved environmental monitoring and process optimisation support emissions reduction, more efficient
use of inputs, and stronger tailings and water management, while opening new pathways for metal recovery
from waste streams and for the expansion of recycling.
For public authorities, the rapid diffusion of artificial intelligence presents both an opportunity and a
responsibility. Harnessing its benefits requires policies that encourage innovation and investment, while
ensuring that the use of algorithmic systems is guided by principles of transparency, accountability, and
ethical responsibility. It also calls for sustained efforts in skills development and workforce transition,
linking mining experience with new digital capabilities, and for robust data governance frameworks that
protect rights and strengthen institutional trust.
Ultimately, the responsible deployment of artificial intelligence will be a key factor in maintaining public
confidence in the mining sector. Technology must support, not replace, human responsibility in critical
decisions, within governance frameworks that ensure effective oversight. Used well, AI can also enhance
transparency around environmental performance, regulatory compliance, tailings management, and com-
mitments to local communities, contributing to a more informed and constructive dialogue between indus-
try, the State, and society.
In a highly interconnected and globalised industry, international cooperation is essential. Institutions such
as the International Copper Study Group play a vital role in building shared evidence, disseminating good
practices, and supporting sound decision making. This report contributes to that effort, offering insights
that can help ensure that the adoption of artificial intelligence in mining advances productivity, safety, and
sustainability in ways that serve the broader public interest.

AuroraWilliams
Chile’s Minister of Mining (2014–2018; 2023–2026)
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AI in Today’s Mining WorldForeword

The way we extract minerals is entering a fundamental transition. Mining is moving toward operations
with minimal human exposure, where autonomy, remote supervision, real-time sensing, and intelligent de-
cision systems coordinate the value chain end-to-end. Even in these increasingly automated environments,
human judgement remains essential, now amplified by AI systems, including Embodied AI deployed at the
operational edge, that integrate geological modelling, hyperspectral analysis, multisensor data, machine
learning, and digital twins to intervene with unprecedented accuracy. The shift is no longer about moving
more tonnes, but about moving the selective tonnes, efficiently, safely, and sustainably.
Across advanced industries, a central principle is defining how complex systems evolve: Predictive Iteration.
It is an emerging paradigm in AI-enabled environments, from aerospace to energy grids, where operations
continuously improve through cycles of prediction, execution, sensing, learning, and recalibration.
In mining, predictive iteration becomes the core of the next performance frontier. This is how mining
systems evolve from “operating” to faster learning, anticipating, and adapting as integrated ecosystems.
As the report shows, the industry is already moving in this direction: exploration workflows combining
geophysics, geochemistry, and machine-learning prospectivity; drilling rigs that detect lithological changes
in real time; autonomous and semi-autonomous equipment powered by Embodied AI operating on-bench
and in-pit; predictive maintenance for fleets and plants; AI-optimized comminution, flotation, and leaching;
intelligent tailings monitoring supported by digital twin architectures. These are not isolated innovations.
They are the early structure of a self-optimizing mining environment.
At the same time, structural pressures are intensifying. Demand for critical minerals, especially copper,
is accelerating due to electrification, renewable energy, data-centre expansion, and AI itself. Ore bodies
are deeper, more complex, and under stricter environmental and social scrutiny. In this reality, precision
and predictive iteration are not optional; they are strategic necessities for responsible and competitive
operations.
AI becomes a cornerstone of sustainable mining. It minimizes waste, water use, and energy intensity;
strengthens safety through early anomaly detection; enhances selectivity and recovery; and improves tail-
ings stewardship and environmental monitoring. But technology alone is not enough. These advantages
only materialize through responsible governance: transparency, expert human oversight, cybersecurity,
community engagement, and ethical design.
Mining is advancing toward intelligent, interconnected, purpose-driven operations. The future of the in-
dustry will be shaped by precision, predictive iteration, and human expertise working together to deliver
safer, more efficient, smarter, and more sustainable outcomes. This report is not just an analysis. It is a
clear call to embrace this transition with rigour, foresight, and integrity. The mine of the future will not
simply be automated, but continuously learning and continuously improving, guided by people, enabled
by AI, and driven by the principles of reliable, selective, high-precision extraction.

Christian Guerrero
General Manager for Chile & Argentina at Orica
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International Copper Study GroupAI in Today’s Mining World

Summary

A quiet shift is under way in global industry. Systems that learn from data are moving from pilot projects
to operational infrastructure, changing how firms assess risk, allocate capital and run complex processes.
The productivity gains are real. So are the institutional consequences.
Mining offers a clear illustration. Faced with declining ore grades, more intricate geology and tighter
environmental constraints, the sector is embedding machine-learning tools across exploration, planning,
processing and monitoring. Algorithms refine geological models, optimise short-term schedules and an-
ticipate equipment failure. Sensor networks and adaptive control systems improve safety and stabilise
output. Processing plants increasingly adjust to feed variability through data-driven models rather than
fixed operating assumptions.
The implications reach beyond efficiency. When predictive systems influence reserve estimation, dispatch
decisions and environmental oversight, they also reshape how uncertainty is measured and how responsi-
bility is assigned. Questions of transparency, skills and data governance become central.
The success of intelligent mining will depend less on technical sophistication than on institutional discipline.
Properly integrated, these systems can strengthen resilience and resource efficiency. Poorly governed, they
risk creating new forms of opacity. The challenge is not simply to deploy smarter tools, but to ensure they
remain accountable.
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A New Epoch of Transformation

First introduced at the Dartmouth Conference in 1956, the notion of artificial intelligence

(AI) emerged from the proposal by John McCarthy and his collaborators to explore how ma-

chines might replicate elements of human cognition.[ 114] Today, the term denotes the capacity

of a machine or computational system to perform tasks that typically require human intelli-

gence, including reasoning, learning and problem-solving. This capability is realised through

algorithms and machine learning techniques that enable autonomous or semi-autonomous

operation.[ 120] AI is not a single technology but the convergence of multiple domains, including

machine learning, data analytics, robotics, computer vision and natural language processing,

advancing in parallel to create systems capable of learning, reasoning and generating original

content. Embedded across digital infrastructures, AI now underpins search engines, medical

diagnostics, logistics optimisation and autonomous vehicles, establishing itself as a defining

force of the present era rather than a speculative future.

The global expansion of artificial intelligence is accelerating. The AI market is projected to

grow from $207 billion in 2024 to nearly $1.5 trillion by 2030, driven by advances in algorithms,

data availability and computing power.[ 154] As AI moves from experimentation to operational

integration, its effects extend beyond technology adoption, reshaping workflows, organisational

structures and value chains across sectors. Evidence from global employer surveys indicates

that AI’s economic impact is uneven and highly contingent on institutional capacity, skills

availability and organisational strategy, rather than on technological access alone.[ 3] Near-

term economic and labour-market outcomes are therefore shaped less by aggregate diffusion

rates than by sectoral composition and task structure, with knowledge-intensive activities

more exposed to transformation than routine manual or service-based work.[ 92]

Of particular relevance is how artificial intelligence is reshaping the nature of work. Like

earlier technological transitions, AI is transforming labour markets at scale. It is expected

to displace around 92 million jobs while creating approximately 170 million new ones over

the course of this decade, as roles evolve and new professions emerge.[ 163] These aggregate

figures, however, mask substantial variation across occupations and industries. Roles centred

on cognitive, analytical and information-processing tasks are more exposed to automation and

generative capabilities, while occupations grounded in physical or interpersonal activity remain

comparatively insulated. Scenario-based analyses further suggest that the balance between

displacement and job creation will depend on workforce readiness and the ability of education

and training systems to respond to accelerating skill change.[ 13] As generative and agentic

AI systems expand their capacity to produce text, software code, images and autonomous

decisions, traditional skill profiles and occupational boundaries are being redefined.
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AI’s Global
Workforce Effect

3x faster revenue growth per worker in AI-exposed
industries

accelerated skill evolution in jobs affected by AI,
with the strongest impact on automatable roles66%
wage premium for workers with AI skills in the
same roles56%
view training as essential for AI adoption but
report limited support48%
of companies plan to increase investment in gen-
erative AI within 3 years92%

Artificial intelligence is emerging as a defining force of global productivity and organisational
transformation. Across industries, its diffusion is reshaping work, accelerating skill renewal,
and amplifying the value of human expertise. Companies exposed to AI are seeing faster
revenue growth and higher labour productivity, while workers equipped with AI capabilities
command significant wage premiums. Every sector, from manufacturing and logistics to
mining and agriculture, is now integrating AI into core operations, signalling a universal
shift toward data-driven efficiency and innovation.
At the corporate level, investment in generative and analytical AI continues to rise sharply,
with the vast majority of firms planning to expand adoption within the next three years.
Such momentum reflects a broader reconfiguration of business models around intelligent
systems that enhance decision-making, resilience and creativity. Rather than signalling
a displacement of human potential, this shift points to its redefinition, as technological
progress, strategic foresight and adaptive learning combine to shape the next frontier of
value creation.[ 8,113]
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In many industries, the distinction between automation and augmentation has become

central. Rather than fully replacing human labour, AI is more often deployed to enhance pro-

ductivity, extend cognitive capacity and support decision-making. Demand is shifting toward

hybrid roles that combine domain expertise with AI literacy, including competencies related to

human–AI collaboration, governance, ethics and system design. Survey evidence from global

employers shows that skill gaps, rather than technology costs, represent the principal barrier

to effective AI adoption, reinforcing the importance of reskilling and organisational learning.[ 9]

To understand why these developments appear unusually far-reaching, artificial intelligence

must be situated within a longer trajectory of industrial transformation. Like steam power,

electrification and digital automation before it, AI marks a shift in the dominant sources of

productivity, from physical effort and routine cognition toward data-driven learning and judge-

ment embedded in machines. Often described as the Fifth Industrial Revolution, this phase

builds on cyber-physical and digital systems while emphasising human agency, collaboration

and sustainability. The central challenge lies not in automation alone, but in integrating

intelligent systems with human expertise, social values and institutional frameworks.

As artificial intelligence becomes embedded within industrial systems, the technological

frontier continues to advance. The growing fusion of AI with engineering disciplines reflects

a transition from knowledge-driven to data-driven design, in which intelligent systems learn,

optimise and innovate beyond traditional human capabilities. Across technologically inten-

sive industries, AI is improving precision, efficiency and adaptive decision-making in complex

operational environments.[ 94] In sectors such as mining, where digitalisation, automation and

sustainability pressures advance in parallel, this convergence is reshaping how resources are

explored, extracted and managed. The mining industry therefore provides a particularly reveal-

ing context for examining the practical implications, opportunities and constraints associated

with artificial intelligence.
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Artificial Intelligence, Accountability, and the Evolution of Industrial Systems

Artificial intelligence has acquired industrial significance not simply because of its technical capa-
bilities, but because it is embedded within broader socio-technical systems where data, algorithms,
organisational rules, and human judgement interact. From this perspective, AI operates as a general-
purpose enabling capability whose effects extend beyond productivity gains to the way decisions are
structured, authority distributed, and responsibility assigned within complex systems. Its systemic
character helps explain why AI now raises governance, legal, and institutional questions alongside
technical ones, particularly as opaque or “black-box” models are deployed in high-stakes settings
where accountability and trust become central concerns.[ 157,162] The growing emphasis on explain-
able artificial intelligence reflects efforts to restore interpretability, human oversight, and ethical
responsibility within these socio-technical arrangements.
Placing this development within the longer trajectory of industrial change clarifies its structural na-
ture. Industry 1.0 mechanised work through water and steam power. Industry 2.0 scaled production
through electricity and assembly lines. Industry 3.0 introduced digital control through computers,
electronics, and automated systems. Industry 4.0 integrated digital and physical domains through
connectivity, sensors, cyber-physical systems, and machine learning, enabling production environ-
ments capable of real-time monitoring and optimisation. Building on this foundation, Industry 5.0
represents a qualitative reorientation rather than a purely technological leap, shifting attention to-
ward human–machine collaboration, resilience, sustainability, and social value creation.[ 162] Rather
than subordinating human agency to automation, this paradigm foregrounds human creativity,
judgement, and responsibility alongside intelligent systems.
Such a framing also distinguishes the current transition from earlier waves of automation. Instead of
primarily substituting labour, intelligent systems redistribute tasks, reshape decision processes, and
alter where economic value is generated within organisations. Industry 5.0 environments are char-
acterised by a shift from mass production toward mass personalisation, enabled by cyber-physical
systems, digital twins, and collaborative robots that allow human intervention, contextual judge-
ment, and adaptive decision-making at scale. The centre of gravity thus moves toward interpretation,
coordination, and judgement, echoing patterns observed during previous industrial transformations
while operating through different technical mechanisms.[ 82] As in earlier revolutions, periods of in-
stitutional lag and social adjustment accompany productivity gains, underscoring the importance
of governance and organisational adaptation.
At the operational level, AI is embedded across industrial value chains in functions such as process
optimisation, predictive maintenance, safety oversight, and planning under uncertainty. These
applications illustrate that AI is not confined to frontier or digital-native sectors, but shapes how
complex industries operate in practice. An Industry 5.0 perspective further underscores that such
deployments are most effective when designed to augment human capabilities rather than replace
them, combining real-time data analytics with domain expertise and contextual knowledge.[ 112]

Across manufacturing and process-based industries, this evolution reflects the integration of AI
within the Fifth Industrial Revolution, where its role is shaped as much by institutional choices and
workforce capabilities as by technological progress itself.



Mining in the Age of AI

AI, Engineering and Mining

Artificial intelligence has become a central force in the evolution of contemporary engineering,

enhancing the capacity to design, analyse and manage complex systems with unprecedented

precision. Across the principal branches of engineering, AI supports data-driven modelling,

adaptive control and optimisation techniques that respond intelligently to uncertainty and

scale. Intelligent algorithms now underpin structural-health monitoring, predictive mainte-

nance, energy-efficiency planning and real-time operations management, forming a technical

foundation that enhances both reliability and resilience in engineered systems.[ 111]

These advances are reinforced by tools such as digital twins, generative design models,

advanced simulation platforms and autonomous robotics, which are reshaping engineering

workflows from early conceptual design to full-scale deployment. Through continuous learning,

pattern recognition and the integration of diverse data sources, AI enables more accurate

forecasting, faster iteration cycles and more sustainable use of materials and energy. Tasks that

once required extensive manual modelling can now be performed through adaptive systems

capable of reasoning from data and progressively refining their performance.

As these systems mature, engineering is shifting from rule-based problem-solving toward

intelligent, data-centric approaches that combine analytical rigour with computational insight.

This transition accelerates innovation while also providing a conceptual and practical bridge

to the role AI is beginning to play in extractive industries, a transformation now evident in the

mining sector, which relies heavily on geotechnical, mechanical, chemical and environmental

engineering.

Many of the pressures facing the mining sector today are not new, ranging from declining ore

grades and deeper deposits to rising operational costs and intensifying environmental and social

scrutiny. Recent analysis by the International Copper Study Group shows how these long-

standing challenges have become structural constraints, complicating the industry’s ability to

meet growing mineral demand amid market volatility, geopolitical tension and heightened ESG

expectations.[ 24–27] These conditions have created strong incentives to adopt technologies that

improve efficiency, strengthen decision-making and enhance the capacity to manage geological

and operational uncertainty, including the escalating demands of environmental management.

Before artificial intelligence entered the sector at scale, the mining industry had already

begun a long and uneven transition toward digitalisation. Early efforts focused on reversing

productivity declines and managing rising operational costs through interconnected systems,

digital sensors, automation and data-driven optimisation. As digital capabilities matured, the

industry experimented with remote operations centres, robotics and integrated process con-

trol systems, alongside the gradual introduction of Internet of Things (IoT) architectures that

11



AI in Today’s Mining World

enabled machine-to-machine communication and continuous data capture.[ 37] These efforts de-

livered advances such as predictive maintenance, telematics for remote equipment monitoring

and the first integrated control systems linking machines above and below ground. They also

exposed structural constraints, including fragmented data architectures, inconsistent engineer-

ing interfaces and analytics capabilities that rarely extended beyond real-time monitoring. At

the same time, companies accumulated vast operational datasets while using only a fraction

of them in decision-making, limiting their ability to optimise performance or manage variabil-

ity across extraction, haulage and processing. These digital foundations improved visibility

and operational control, although they did not provide the adaptive intelligence required to

navigate geological complexity or increasingly volatile markets.

Recognition of these limitations prompted a shift toward more advanced analytical ap-

proaches, particularly in areas where uncertainty, variability and system complexity con-

strained performance gains. Artificial intelligence became a focal point of investment as mining

companies explored methods capable of integrating heterogeneous data streams, generating

predictive insight and supporting more responsive operational decision-making.[ 10] This devel-

opment marked a move beyond incremental digital optimisation toward technologies designed

to augment engineering judgement, improve system-wide efficiency and strengthen the sector’s

capacity to operate safely and sustainably under increasingly volatile conditions.

As AI applications expanded, they became progressively embedded across mining opera-

tions, drawing on advances in machine learning, sensor networks, robotics and cloud-based

computing to connect physical processes with adaptive and data-driven control systems. Build-

ing on existing digital foundations, AI enables higher-order analysis, cross-functional integra-

tion and dynamic optimisation along the mining value chain. The following sections examine

how these capabilities are applied in practice, highlighting the domains in which artificial intel-

ligence is already reshaping operational performance, risk management and strategic decision-

making in the mining sector.

Exploration

The growing strategic importance of critical minerals has intensified global efforts to accel-

erate exploration and reduce vulnerabilities in supply chains that underpin energy systems,

digital technologies and advanced manufacturing. Many countries are developing national

lists and policy frameworks to secure reliable sources of key metals,[ 28] alongside a parallel

reorientation of industry exploration toward commodities central to the energy transition.

This reorientation has expanded interest in both conventional geological terrains and uncon-

ventional feedstocks such as clays, coals and sedimentary basins, now reassessed as potential

hosts of valuable elements.[ 174] As exploration targets diversify and pressure to shorten discov-

ery timelines intensifies, tools capable of analysing large and complex datasets have become

12
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central to improving the efficiency, coverage and precision of early-stage mineral assessment.

Artificial intelligence is transforming the geosciences by extracting subtle patterns from large

and heterogeneous datasets and enabling hybrid modelling approaches that combine physical

principles with data-driven inference. These methods are increasingly embedded in core geo-

scientific workflows, including rock physics analysis and geological modelling, where AI assists

in identifying compositional attributes, resolving complex subsurface structures and strength-

ening the integration of multidisciplinary datasets into coherent spatial frameworks.[ 56,180] The

expansion of geological big data, supported by advances in acquisition technologies and the

progressive digitisation of historical records, provides a far richer empirical foundation for this

interpretative work.

Mineral systems research unfolds within this broader landscape. The interpretation of min-

eral deposits relies on integrating field observations, geochemical signals, structural relation-

ships and geophysical attributes to understand ore-forming processes and develop internally

consistent deposit models. AI-enabled methods can reveal relationships not readily discernible

using established analytical approaches, clarify competing geological interpretations and iden-

tify metallogenic patterns that inform assessments of mineral potential.

Within mineral exploration, these geoscientific advances translate into tangible transfor-

mation. AI-assisted prospectivity analysis, data integration and pattern recognition enable

faster interpretation of geological information and guide exploration toward more promising

targets. They support evaluation of both traditional and nontraditional resource settings, re-

duce reliance on broad and speculative reconnaissance and contribute to more selective and

sustainable exploration strategies. In doing so, artificial intelligence is becoming a significant

driver of change in the search for critical minerals, linking enhanced geological understanding

with more disciplined decisions at the earliest stages of the supply pipeline.

As exploration increasingly confronts deeper deposits, complex ore bodies and highly het-

erogeneous datasets, spatial modelling approaches that consolidate geophysical, geochemical

and geological information are becoming indispensable. Artificial intelligence strengthens

these workflows by improving orebody delineation, refining geological modelling and reducing

interpretative uncertainty. These improvements lower the cost and environmental footprint

of exploration campaigns and support more confident progression from early-stage targeting

toward appraisal and development. By enabling the systematic comparison of alternative ge-

ological scenarios and the probabilistic ranking of targets, AI-assisted models also improve

capital allocation at the portfolio level. This shift allows companies to prioritise drilling pro-

grammes and field campaigns based on quantified risk rather than intuition alone. In contexts

where exploration budgets are constrained and permitting timelines are extended, the abil-

ity to narrow uncertainty early in the project cycle has material implications for financing

conditions and strategic sequencing.

13
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AI and Exploration Constraints in Critical Mineral Supply

Mineral exploration is becoming more complex as deposits are discovered at greater depths, ore
grades decline, and geological uncertainty intensifies. Investment patterns, however, do not reflect
the strategic importance of minerals essential for clean energy technologies. Exploration budgets
for critical minerals remain lower and more volatile than those for major commodities, with fund-
ing concentrated in early-stage activities rather than feasibility studies or mine development.[ 55]

Sectoral reliance on junior firms and sensitivity to commodity-price fluctuations reinforce this pat-
tern, signalling higher perceived risk and limited geological and market maturity. The gap between
strategic importance and investment therefore stems not only from market volatility but also from
structural uncertainty surrounding resource confidence, project timelines, and technical risk, factors
that strongly shape financing decisions in emerging mineral sectors.
Countries endowed with critical minerals face mounting pressure to convert resource wealth into
broader and more resilient economic gains. Without stronger upstream capabilities, particularly im-
proved exploration systems, and without the selective development of midstream and downstream
activities where economically viable, such countries risk remaining exposed to global market volatil-
ity while others capture a disproportionate share of technological, fiscal, and employment benefits
along the value chain. Experience in copper markets illustrates that value distribution across the
chain is neither fixed nor linear, underscoring that the core challenge lies less in the location of activ-
ities than in the capacity to manage risk, adapt to market conditions, and deploy coherent industrial
strategies. Realising the full benefits of critical minerals therefore depends on robust institutions,
strategic coordination, and international cooperation that support value creation, environmental
stewardship, and long-term economic diversification.[ 7]

Artificial intelligence offers a pathway to address these structural constraints. Machine-learning
tools integrate and interpret complex geochemical, geophysical, and geological datasets, identify
mineralisation signatures beyond traditional analytical capacity, and prioritise drilling targets with
greater precision. The result is faster discovery, fewer false positives, and more efficient capital
allocation. Most importantly, AI reduces technical uncertainty related to orebody characterisation,
extraction requirements, and environmental risks, lowering both project duration and overall risk
profiles. Such reductions materially influence the cost of capital for back-ended minerals, where
required rates of return exceed those of conventional commodities by more than four percentage
points and where the cumulative back-ended risk premium could reach $660–678 billion by 2035
if left unaddressed.[ 167] Under plausible adoption scenarios, halving either project duration or risk
could eliminate $330–341 billion of this burden. Artificial intelligence thus becomes not only a dis-
covery instrument but also a mechanism for unlocking investment and aligning exploration pipelines
with emerging critical mineral demand.
The expanding application of artificial intelligence in mineral exploration represents more than
technological refinement. It changes how geological information is converted into economic insight,
facilitates earlier value creation, and strengthens the capacity of countries and companies to compete
in clean energy supply chains. By improving discovery performance and reducing financial risk,
AI positions mineral exploration as a decisive lever for securing reliable, diversified, and resilient
supplies of the materials that underpin the global energy transition.
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Mineral exploration is fundamentally about knowledge rather
than technology alone. As geological evaluation relies more
heavily on probabilistic reasoning, incomplete observations,
and complex spatial relationships, the central challenge lies in
how uncertainty is interpreted, constrained, and translated into
decisions. Computationally assisted inference reshapes how
subsurface continuity is conceptualised, how confidence is ex-

pressed, and how geological ambiguity propagates into the techni-
cal and economic frameworks that govern resource development.

Recent applications demonstrate that machine learning can detect subtle geochemical anoma-

lies, automate lithological and alteration mapping from hyperspectral or UAV imagery and

refine geological boundaries through the integration of petrophysical data. Reductions in in-

terpretative and continuity uncertainty are particularly consequential in mineral systems char-

acterised by sparse sampling and complex spatial structure, where estimation risk frequently

constrains project advancement. In such contexts, improvements in statistical coherence and

uncertainty characterisation influence not only geological interpretation but also the confidence

intervals that inform economic feasibility, financing conditions and development sequencing.

In drill-core analysis, supervised and unsupervised models are used to estimate missing geo-

chemical variables, classify mineralogical assemblages and integrate imaging and XRF datasets

to strengthen mineral identification. Prospectivity modelling has also advanced, as ensem-

ble, support vector and deep learning methods assimilate large spatial datasets to predict

favourable mineralisation zones even in areas with sparse or incomplete information. Com-

bined with IoT technologies and big data analytics, these systems enable more accurate pre-

diction of mineralisation zones and more selective allocation of exploration resources, lowering

costs while minimising unnecessary disturbance.[ 124]

Convolutional neural network based prospectivity studies further illustrate how these capa-

bilities are operationalised in practice. By integrating suites of geochemical indicators with

geological and structural controls within unified spatial learning frameworks, AI models gen-

erate prospectivity maps that rank terrain according to predicted ore-forming favourability.

Ensemble-based approaches, in particular, reduce sensitivity to individual model architectures

and produce spatially coherent anomalies that align with known mineralisation while delin-

eating additional target areas for follow-up investigation (see Figure 1).
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The image presents the spatial distribution of predicted ore-forming favourability generated through an artifi-

cial intelligence–based prospectivity model. Rather than depicting measured grades or confirmed resources, it

represents model-derived likelihood of mineralisation inferred from an ensemble of convolutional neural network

architectures trained on geological patterns associated with known deposits. Warmer colours indicate areas where

combined geochemical, structural, and lithological signals most closely resemble mineralised zones, while cooler

colours denote lower predicted potential.

In the underlying workflow, heterogeneous exploration datasets are converted into machine-readable spatial layers

and analysed jointly. Geochemical measurements are interpolated into continuous concentration surfaces, while

structural and lithological controls such as fault systems, shear zones, and alteration domains are represented

through distance- and density-based spatial proxies. By learning from spatial relationships between these predic-

tors and documented occurrences, the model captures interactions that are difficult to formalise using conventional

rule-based or purely statistical methods, producing a prospectivity surface that reflects the integrated behaviour

of multiple mineral system components.

High-prospectivity anomalies display spatial coherence, clustering along major structural corridors and near known

orebodies, suggesting that the model has internalised geologically meaningful controls rather than artefacts of sam-

pling density. The map also delineates additional target zones beyond established deposits, indicating areas that

warrant follow-up investigation in less explored or data-sparse terrain.

The surface is derived from an ensemble of deep-learning architectures rather than a single model, reducing sensi-

tivity to individual specifications and stabilising predictions across uneven sampling regimes. More broadly, the

figure illustrates how artificial intelligence enables simultaneous evaluation of multiple geological signals at scale.

AI augments rather than substitutes for geological reasoning and field validation by revealing spatial relationships

that support systematic target prioritisation and uncertainty management at early stages of the mining value

chain.

Figure 1. AI-based mineral prospectivity map from a CNN ensemble.[ 85]
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Artificial intelligence is increasingly applied to core elements of geostatistics, including

variogram modelling, a field constrained by non-uniqueness, parameter subjectivity and the

need to balance statistical fit with geological realism.[ 47] Rather than seeking a single opti-

mal continuity model, optimisation-based and learning-assisted frameworks support system-

atic exploration of multiple admissible variogram structures and parameterisations, refram-

ing continuity modelling as hypothesis testing under uncertainty. This perspective aligns

with emerging views of AI as an enabler of more rigorous scientific decision-making in min-

eral exploration, where reducing false positives and quantifying epistemic uncertainty are as

important as improving predictive accuracy.[ 51] By reducing reliance on ad hoc fitting and

strengthening consistency across modelling choices, these approaches improve the robustness

of spatial continuity assumptions and the coherence of downstream interpolation and resource

estimation workflows.[ 171] Knowledge-based approaches, including expert systems, fuzzy logic

and knowledge-graph frameworks, further integrate geological reasoning into data-driven pro-

cesses.

The implications extend beyond modelling efficiency. Because variograms and continuity

assumptions underpin resource estimation, reserve classification and investment evaluation,

changes in how these structures are inferred directly influence how geological uncertainty is

quantified, communicated and governed. As AI-assisted methods become embedded in esti-

mation workflows, questions of interpretability, validation and methodological accountability

acquire institutional significance, particularly in regulatory reporting, due diligence and finan-

cial risk assessment contexts.

The integration of machine learning with geostatistical reasoning is deepening as greater

emphasis is placed on models that embed geological knowledge directly within their internal

structure. Advances in explainable artificial intelligence for mineral prospectivity mapping

show that domain concepts such as ore forming processes, mineral system proxies and spatial

relationships between deposits and controlling factors can be incorporated explicitly into data

preparation, model architecture and loss functions.[ 181] By constraining learning with geological

logic, these approaches improve transparency while maintaining predictive performance. They

point to a shift towards exploration systems in which geological reasoning and algorithmic

pattern recognition are co developed, with hybrid geostatistical machine learning frameworks

increasingly formalising the role of expert judgement at key stages of the modelling chain.

This trajectory signals a deeper transformation in exploration practice within an industry

where decisions taken during early-stage evaluation, particularly those shaping expectations

of grade, continuity and uncertainty, govern not only project feasibility but also downstream

choices in mine planning, production scheduling and processing design. Rather than repre-

senting a further refinement of existing analytical techniques, artificial intelligence is reshaping

how mineral potential is framed, evaluated and acted upon at stages where the long-term fate

of mining projects is effectively determined.
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AI-Assisted Variography and Spatial Continuity Inference

In mineral resource estimation, the variogram governs assumptions of spatial continuity in kriging
and conditional simulation. Its parameters, including nugget, range, sill, and anisotropy, are typi-
cally inferred from noisy experimental semivariograms and refined through expert judgement, mak-
ing estimates sensitive to lag selection, directional tolerances, and fitting choices. Such sensitivity
propagates into ordinary kriging and sequential Gaussian simulation, where misspecified continuity
models distort variability, inflate smoothing bias, and weaken uncertainty characterisation in het-
erogeneous ore systems. Recent advances in artificial intelligence recast variogram construction as
a learnable inference problem, allowing continuity structures to be extracted from sparse sampling
geometries while remaining compatible with classical kriging and simulation workflows.[ 91,175]

Convolutional neural network–based approaches trained on ensembles of sequential Gaussian sim-
ulation realisations demonstrate that spatial continuity parameters can be inferred from sparsely
sampled data, either by predicting variogram parameters directly or by reconstructing experimental
variogram values at fixed lags and fitting admissible models. Separating anisotropy detection from
continuity estimation stabilises inference, while rotation-based augmentation generates ensembles
of plausible variograms that can be propagated through kriging and simulation to quantify continu-
ity uncertainty. By learning the nonlinear mapping between sampling geometry, grade dispersion,
and spatial correlation, these methods automate a traditionally subjective stage of geostatistical
modelling without relinquishing probabilistic foundations.[ 93]

Evidence further indicates that the strongest gains in hybrid geostatistical machine learning arise
from integrating human expertise at critical points in the modelling chain rather than from deeper
architectures alone. In workflows combining machine-learning–derived secondary variables with
intrinsic collocated cokriging, expert intervention in variogram selection, data cleaning, hyperpa-
rameter tuning, and ensemble design improves estimation accuracy. Human-guided hybrid and
ensemble models outperform automated baselines, with cross-validated gains reaching double-digit
improvements in R2 when judgement resolves anisotropy, removes inconsistent samples, and guides
model weighting. These findings confirm that variography and data quality remain dominant con-
trols on estimation performance in heterogeneous ore systems.[ 71]

Locally varying geostatistical machine-learning methods address spatial non-stationarity by cou-
pling local continuity assumptions with data augmentation driven by spatial autocorrelation. Con-
structing neighbourhood-scale learning models and enriching training sets through conditional sim-
ulation allows these approaches to reconcile machine learning with spatial dependence that varies
across domains. The result is a framework in which artificial intelligence operationalises kriging and
simulation by automating variography, stabilising continuity inference, and enabling reproducible
uncertainty propagation.[ 75,103] Interpretability techniques applied to spatial deep networks allow
continuity-driven predictions to be audited and aligned with geological reasoning, reinforcing their
suitability for high-stakes reserve classification and reporting.
Because continuity models propagate into tonnage estimates, grade distributions, and uncertainty
envelopes, the stability and transparency of variogram inference frameworks influence not only
technical accuracy but also the credibility of reserve declarations, audit processes, and disclosure
regimes. AI-assisted variography therefore intersects with broader institutional questions concerning
model governance, reproducibility, and expert oversight.
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As AI becomes embedded at the earliest stages of the mining value chain, competitive

advantage shifts away from mere access to ground and towards the capacity to generate, inte-

grate, and act on knowledge. Decisions are no longer driven solely by geological expertise and

established modelling workflows, but by systems that fuse those foundations with algorithmic

inference to reveal relationships previously obscured by scale, complexity or data sparsity. As

algorithmic inference increasingly mediates the construction of geological knowledge, the man-

agement of uncertainty becomes not solely a technical exercise but an institutional process

shaping risk perception, investment decisions and regulatory confidence. Organisations that

master this synthesis of data, expertise and automation will not only accelerate discovery but

also redefine the strategic logic underpinning upstream mineral development.

Planning and Operations

Just as AI-assisted interpretation of geophysical and geochemical data has sharpened mineral

targeting and geological modelling, artificial intelligence is increasingly influencing how min-

ing systems are designed, coordinated and operated. In early-stage design and operational

decision-making, intelligent tools support layout optimisation, equipment selection and sce-

nario analysis, enabling engineers to reconcile geological constraints with production objectives

while reducing technical and financial risk.[ 124] This development builds on a long-standing an-

alytical tradition in mine planning, where mathematical optimisation frameworks have been

used to maximise project value, define extraction sequences and coordinate production under

technical and economic constraints.

Across production systems, artificial intelligence is no longer applied solely as a discrete op-

timisation instrument, but is increasingly embedded within continuous decision environments

in which operational data are assimilated, predictions revised and short-term plans adjusted

in response to evolving conditions. This development reflects broader shifts in mining sys-

tem analysis, where simulation and optimisation have progressively converged to represent

operational dynamics, uncertainty and feedback effects within unified decision frameworks.[ 73]

Contemporary planning architectures therefore emphasise adaptability, coherence across plan-

ning horizons and responsiveness to disturbance rather than adherence to static plan–execute

cycles.[ 68,102,133]

This adaptive logic aligns with modern views of mine planning as a hierarchical and inter-

connected process, in which strategic, tactical and operational decisions interact dynamically.

Operational performance depends on maintaining consistency across decision layers while ac-

commodating geological variability, equipment constraints and stochastic system behaviour.[ 64]

Artificial intelligence increasingly functions as an enabling layer within this hierarchy, acceler-

ating feedback between planning levels and narrowing the temporal gap between disturbance

detection and corrective response.
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These changes are particularly significant in short-term planning contexts, where decision

complexity arises from dense precedence relationships, resource interactions and continuously

evolving operational states.[ 52] Short-horizon scheduling problems quickly exceed the tractabil-

ity of manual planning approaches, necessitating formal optimisation and decision-support

models capable of navigating combinatorial constraint structures.

Building on this planning architecture, transformation at the production front becomes in-

creasingly visible, where automation and AI-driven decision systems shape drilling, blasting,

loading and hauling. Autonomous and semi-autonomous equipment equipped with percep-

tion, planning and control functions navigate variable terrain, adapt to changing operational

conditions and execute repetitive or hazardous tasks with greater consistency, reducing direct

human exposure to high-risk environments.[ 77] Concurrently, analytical models integrating ge-

ological and operational information strengthen drilling precision and blast design, exerting

strong downstream influence on fragmentation, material handling and system productivity.[ 49]

As drilling becomes more automated, intelligent systems transform how boreholes are de-

signed, executed, and monitored. Sensor-equipped rigs capture high-frequency data on me-

chanical response, penetration rates, and operational variability. Machine-learning models

analyse these signals in real time to detect lithological changes, flag abnormal conditions, and

adjust operating parameters, enhancing stability, precision, and consistency during drilling.[ 98]

Continuous data streams also enable predictive maintenance by identifying tool wear earlier

and optimising replacement schedules.[ 40]

Mine planning and operations are defined by how decisions
are generated and stabilised within complex production en-
vironments. Asmining systems confront variability in ge-
ology, equipment behaviour, and process interactions, per-
formance depends less on adherence to fixed operational se-
quences andmore on the continuous reconciliation of com-
peting constraints. Data-driven inference and adaptive con-
trol mechanisms alter how disturbances are detected, how re-

sponses are prioritised, and how operational coherence is main-
tained across interconnected planning and execution layers.
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Adaptive and Stochastic Methods for Short-Term Mine Planning

Short-term mine planning and scheduling in large-scale mining complexes can be formalised as
a high-dimensional stochastic optimisation problem shaped by the interaction of geological uncer-
tainty, processing constraints, and operational dynamics. Decisions on material routing, destination
assignment, production rates, and equipment allocation must satisfy multiple, often competing con-
straints while responding to continuous streams of information from sensors, grade-control systems,
and operational feedback. The resulting decision space is large, non-linear, and time-dependent,
rendering classical deterministic optimisation difficult to deploy in real time.
An alternative formulation frames this challenge as a Markov Decision Process (MDP), in which
the system state captures uncertain ore attributes, equipment availability, stockpile conditions, and
processing capacities, while actions correspond to short-term planning, scheduling, and dispatch
decisions. System evolution reflects both controlled interventions and exogenous uncertainty, al-
lowing planning to be treated as a sequential decision problem rather than a static optimisation
exercise. Instead of repeatedly solving deterministic or mixed-integer programming models, such
formulations learn adaptive decision policies that map observed system states directly to operational
actions, enabling rapid adjustment as new information emerges.
A particularly influential class of methods combines uncertainty assimilation with reinforcement
learning. Extended Ensemble Kalman Filters (EnKF) update probabilistic representations of ore
grades, material characteristics, and system states as new measurements arrive. These state es-
timates are coupled with neural networks trained using policy-gradient reinforcement learning,
enabling routing and production decisions to adapt dynamically as uncertainty evolves.[ 102] By
embedding uncertainty within the decision loop, this architecture reduces reliance on repeated full
re-optimisation while maintaining alignment with longer-term production objectives.
Simulation-based reinforcement learning further integrates production planning with truck dispatch-
ing in complex mining systems. Discrete-event simulation environments reproduce realistic opera-
tional trajectories, including stochastic equipment behaviour, queueing effects, and variable travel
times. Learning agents optimise reward functions that balance throughput, ore-quality targets,
equipment utilisation, and adherence to production plans. Techniques such as Deep Q-Learning,
actor–critic architectures, and Monte Carlo Tree Search derive policies that remain robust under
operational uncertainty and improve through iterative self-play training cycles.[ 101,133]

The principal advantage of learning-based approaches lies in computational tractability and scala-
bility. Decision policies are trained offline using simulation or historical data, while system states
are updated online through filtering and sensing. Mines can therefore respond rapidly to new
information without repeatedly solving large-scale mixed-integer or non-linear optimisation prob-
lems, enabling near-real-time decision-making while preserving feasibility, stability, and production
targets.
Short-term mine planning is thus characterised by tightly integrated, closed-loop control archi-
tectures that build on established optimisation and scheduling frameworks while incorporating
uncertainty, operational feedback, and learning-based control.



Blasting represents a critical interface linking rock breakage with downstream material move-

ment, and artificial intelligence is increasingly applied to manage its environmental, safety and

productivity dimensions. Data-driven models predict blast-induced effects such as vibration,

overpressure and fragmentation with greater accuracy than empirical approaches, allowing de-

sign parameters to be refined through learned relationships rather than simplified heuristics.[ 50]

Material movement and haulage represent a central operational challenge requiring con-

tinuous coordination across equipment fleets, routing constraints and production objectives.

Artificial intelligence strengthens dispatching, routing and scheduling decisions by integrat-

ing real-time telemetry, predictive modelling and optimisation frameworks.[ 106] Reinforcement

learning, discrete-event simulation and hybrid optimisation approaches increasingly structure

the modelling and control of such high-dimensional operational systems.[ 130]

A key development is the closer coupling of production planning and truck dispatching.

Rather than treating dispatch as a reactive control layer, contemporary approaches conceptu-

alise it as an extension of short-term planning, embedding learning agents within simulation

environments to stabilise throughput, manage queueing effects and maintain ore-quality tar-
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gets under uncertainty.[ 62,133]

By combining operational sensing with predictive algorithms, intelligent systems detect in-

efficiencies, anticipate equipment failures and dynamically adjust production parameters.[ 54,129]

Machine-learning models trained on cycle-time components reveal bottlenecks and variability

patterns that are difficult to identify through conventional analytical approaches.

The expansion of IoT-enabled mine-management systems further amplifies these capabilities

by generating large operational datasets describing fleet behaviour, equipment interaction and

process variability. Hybrid methods that integrate machine learning with optimisation routines

reduce estimation errors and strengthen alignment between equipment utilisation and short-

term production objectives.[ 58] These same analytical architectures support energy-efficiency

optimisation, identifying operating regimes that minimise fuel consumption by analysing in-

teractions among payload, haul speed and resistance factors, and enabling continuous recali-

bration rather than reliance on static performance curves.[ 156]

Artificial intelligence is reshaping mine operations by embedding adaptive intelligence across

planning, execution and control. Rather than replacing established optimisation frameworks,

it extends them through uncertainty-aware, feedback-driven and computationally scalable de-

cision processes.[ 130] As geological variability increases and operational constraints tighten,

performance depends on the ability to integrate sensing, prediction and optimisation coher-

ently across the production system.

Processing and Analysis

Artificial intelligence is embedded in mineral analysis, reshaping how ores are characterised

before entering the processing chain. Machine-learning models trained on hyperspectral, mul-

tispectral and other sensor-derived signatures extend established mineralogical analysis by

enhancing consistency and spatial precision, enabling pixel-level identification of mineral as-

semblages, grain boundaries and alteration patterns.[ 109] Convolutional neural networks ap-

plied to petrographic and geochemical datasets further distinguish complex textures, recog-

nise subtle mineralogical variations and support automated interpretation of Raman, XRD

and laser-induced breakdown spectroscopy data.

Beyond classification, artificial intelligence strengthens the link between ore characterisa-

tion and downstream performance. Circuit-analysis studies show that AI can infer key min-

eral parameters that are difficult to measure directly, strengthening the reliability of upstream

mineralogical assessments.[ 122] AI-based soft sensors estimate unmeasured or infrequently sam-

pled variables from more readily available signals, increasing the responsiveness of early-stage

analysis. Reviews of integrated processing systems note that these methods perform particu-

larly well when handling heterogeneous, noisy or incomplete mineralogical datasets, enabling

real-time monitoring of feed composition, early detection of impurities and identification of
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undesirable phases at points where timely intervention has the greatest operational impact.

Beyond its analytical functions, artificial intelligence is influencing the fundamental drivers

of metallurgical performance, including recovery efficiency, process stability, energy intensity

and emissions generation. Because processing circuits ultimately govern how much metal is

extracted from a given resource base, advances in sensing, prediction and adaptive control

translate directly into changes in effective resource availability and production responsiveness.

In this sense, AI-assisted processing does not simply refine operational behaviour but reshapes

the physical and economic limits of mineral value creation.

The integration of these analytical tools into ore preparation provides a more stable basis

for downstream processing. AI-enhanced mineralogical mapping supports selective mining,

ore blending and feed homogenisation by predicting processing behaviour from geological

and textural attributes. Learning algorithms that link spectral or imaging data with com-

minution and flotation responses allow plants to anticipate hardness variations, liberation

characteristics and reagent sensitivities, reducing uncertainty associated with heterogeneous

ore bodies. Circuit-wide analyses indicate that combining these predictions with soft-sensor

models helps estimate feed properties and process variables that remain difficult to measure

online, strengthening preparation decisions and operational consistency.[ 41] Developments in

AI-integrated plant design suggest that combining domain knowledge with data-driven learn-

ing enhances representation of nonlinearities that traditional geometallurgical models cannot

fully capture, supporting more reliable forecasts of plant behaviour across changing feed types.

This capability is particularly significant in an environment of declining ore grades and ris-

ing mineralogical complexity, where processing performance rather than geological abundance

often becomes the binding constraint on metal output.

Building on these capabilities, AI applications in mineral processing extend across com-

minution, sizing, concentration and dewatering. Sensor-rich conveyor systems and optical

monitoring units generate continuous data on particle size and composition, which machine-

learning models analyse to estimate fragmentation quality and identify oversized material

before it reaches critical equipment. In comminution, AI-supported control frameworks use

these measurements to fine-tune operational parameters, stabilise throughput and reduce un-

necessary energy losses.[ 117] Given that comminution remains among the most energy-intensive

stages of mineral production, these optimisation effects carry disproportionate implications for

both operating costs and the carbon intensity of metal supply. Similar advances are evident

in sizing and classification, where feature extraction from real-time imagery leads to more

accurate prediction of particle-size distributions. Plant-wide control approaches show that

such techniques help compensate for incomplete measurements and the stochastic variability

that defines most mineral-processing circuits, addressing limitations of conventional modelling

frameworks that rely on simplified assumptions and stationary operating conditions.

24



International Copper Study Group

In concentration stages such as froth flotation, deep-learning models have proved effective

in interpreting froth images under varying lighting conditions, enabling reliable estimation

of bubble size, froth stability and mineral grade. These models enhance both process con-

trol and yield prediction, supporting more adaptive reagent dosing and airflow regulation.

Comparable techniques are emerging in gravity and magnetic separation, where AI-based soft

sensors replicate measurements that are difficult to obtain continuously, strengthening opera-

tional visibility without major infrastructure changes. Work on intelligent separation systems

highlights that integrating visual, physicochemical and operational data yields more robust

predictions of separation performance and supports development of digital twins for testing

control strategies in virtual environments without disrupting production.

Within hydrometallurgical operations, artificial intelligence improves modelling and control

of leaching systems, which depend on complex interactions among mineralogy, solution chem-

istry and fluid flow. Machine-learning techniques, including neural networks, support vector

machines, random-forest models and Bayesian approaches, can predict leaching rates, iden-

tify relationships among key variables and capture nonlinear behaviour of heap and agitated

leaching environments.[ 146]
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Leaching Systems for Copper, Gold and Rare Earth Elements Enhanced by AI

Artificial intelligence plays a growing role in hydrometallurgical operations, where leaching efficiency
depends on nonlinear interactions among mineralogy, solution chemistry, fluid flow, and reaction
kinetics. Across copper, gold, and rare earth elements (REEs), data-driven models often capture
these relationships more effectively than conventional numerical or mechanistic approaches, particu-
larly in environments characterised by high variability, evolving material conditions, and incomplete
measurements. The relevance is greatest in leaching systems, where process behaviour reflects cou-
pled physical and chemical dynamics that resist representation through deterministic formulations
alone.
Because leaching performance governs recovery trajectories, cycle times, and reagent intensity,
gains in predictive accuracy and adaptive control influence not only metallurgical outcomes but
also project economics, shaping cost structures, operational stability, and risk profiles. AI-assisted
leaching systems therefore contribute both to process optimisation and to reducing technical un-
certainty that has historically complicated hydrometallurgical performance. By clarifying complex
parameter interactions and reducing reliance on restrictive kinetic assumptions, such approaches
strengthen decision-making under variable operating regimes.[ 131]

In copper heap leaching, ensemble learning techniques demonstrate strong performance in estimat-
ing recovery under variable operating conditions. Random-forest frameworks trained on operational
and pilot-scale datasets identify key process parameters and classify expected recoveries with high
accuracy, offering a more responsive basis for decision-making than purely empirical methods.[ 74]

Their value is most evident in settings marked by heterogeneous feed materials, fluctuating irri-
gation patterns, and evolving heap conditions, where early detection of performance deviations is
critical to sustaining recovery efficiency across industrial and controlled contexts.
For gold cyanidation, hybrid AI frameworks that combine dimensionality reduction with neural-
network architectures improve recovery prediction by isolating the most influential process variables
prior to model training.[ 131] Filtering redundant or weakly informative features enhances generalisa-
tion performance and computational efficiency while preserving predictive robustness across training,
validation, and testing stages.
Applications are also advancing in rare earth element systems. Explainable-AI techniques predict
recovery while quantifying the relative influence of mineralogical and chemical variables on dissolu-
tion efficiency, reagent consumption, and impurity behaviour.[ 127] Such interpretability is especially
significant in secondary resources and tailings, where heterogeneous feed composition, silica inter-
actions, and phase complexity generate strongly nonlinear extraction responses. By providing both
local and global explanations of model behaviour, these tools connect predictive performance with
operational transparency.
Data-driven models thus offer a more coherent representation of how chemical, mineralogical, and
operational variables interact and why recovery shifts under changing conditions. As these methods
mature, artificial intelligence strengthens the link between process monitoring, system behaviour,
and operational decision-making, supporting more stable, efficient, and predictable hydrometallur-
gical performance while enhancing resilience to feed variability and domain shifts.
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These methods help estimate parameters that are difficult to measure directly and support

more responsive adjustments to operating conditions. Work on digital twins indicates that

combining process knowledge with data-driven inference strengthens representation of leach-

heap evolution and improves decisions on irrigation, aeration and reagent use. Comparable

tools have been deployed in bioleaching and cyanidation to detect shifts in process signatures

and guide timely interventions, supporting more stable recoveries and improving alignment

between ore characteristics and hydrometallurgical performance.

Artificial intelligence is also advancing pyrometallurgical operations, which remain central

to the production of iron, steel and non-ferrous metals. Pyrometallurgy comprises high tem-

perature processes such as drying, roasting, smelting and refining, where multiple reactions,

heat and mass transfer mechanisms and multiphase flows occur simultaneously. Such condi-

tions give rise to strongly coupled, nonlinear systems that are difficult to model and control

through conventional approaches. These stages also dominate the thermodynamic and emis-

sions profile of many metal value chains, making process stability and efficiency central not

only to productivity but also to decarbonisation pathways.

Mineral processing rests on themanagement of variability
rather than onmechanical throughput alone. As ore charac-
terisation becomesmore granular and circuit behaviourmore
observable, the central challenge shifts frommeasuringmate-
rials to anticipating their response within dynamic systems.

Artificial intelligence reshapes this dynamic by converting dis-
persed signals into coordinated control, narrowing the gap be-
tween what is known about an ore and how it behaves under pro-
cessing conditions. In doing so, it repositions the boundary be-
tween uncertainty and recovery, turningmetallurgical perfor-
mance into an adaptive function rather than a fixed constraint.

As data-collection architectures mature, furnaces, converters and reactors now generate

continuous measurements on temperature profiles, slag chemistry, gas composition and charge

behaviour, allowing learning algorithms to infer process states that are not directly observable

and to support variable prediction, anomaly detection and optimisation tasks.[ 173] Machine-

learning and deep-learning models are applied to furnace temperature control, slag adjustment,

endpoint prediction and steel decarburisation, while reinforcement-learning approaches show

promise for adaptive decision policies in volatile smelting environments. This marks a broader
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transformation in pyrometallurgy in which algorithmic inference complements physical prin-

ciples to stabilise furnace operation, reduce energy consumption and minimise emissions. By

embedding mechanistic understanding within data-driven control frameworks, artificial in-

telligence enables pyrometallurgical processes to respond more effectively to feed variability,

shifting market conditions and the growing imperative for decarbonised metal production.

Across the processing chain, emerging AI capabilities draw once-separate unit operations

into more integrated and resilient systems. Digitalised plants rely on sensor fusion, adaptive

models and coordinated control architectures that link grinding, classification, flotation and

dewatering within a single responsive framework. By aligning ore characterisation with dy-

namic circuit behaviour, artificial intelligence allows processing conditions to be tuned to the

specific attributes of each feed batch.

The result is higher resource recovery, greater operational stability and progress toward

energy-efficient and environmentally responsible mineral processing. At scale, these effects

influence not only site-level performance but also the elasticity and reliability of refined metal

supply, particularly for commodities constrained by mineralogical complexity rather than re-

source scarcity alone. The growing role of AI also underscores that it amplifies rather than

replaces metallurgical expertise, since processing environments remain defined by uncertainties

and hidden variables that benefit from informed interpretation and human oversight.

Real-Time Monitoring

Among the consequential applications of artificial intelligence in mining are those emerging

in safety monitoring, hazard detection and continuous operational awareness. AI-enabled sys-

tems now integrate live data streams from sensors, cameras, environmental monitors, wireless

networks and control units to identify emerging risks before they develop into incidents. By

analysing multisource information instantaneously, intelligent algorithms detect early signs of

equipment malfunction, unusual vibration patterns, gas leaks, ground instability or deviations

in worker behaviour, enabling swift intervention and reducing the likelihood of accidents.[ 60]

These capabilities enhance the reliability of safety-critical operations and strengthen continu-

ity across mining sites. More broadly, they reflect a shift from episodic inspection regimes

toward continuously learning architectures in which operational safety becomes inseparable

from real-time inference and data integrity.

IoT-enabled sensor networks have become central to AI-based safety frameworks, enabling

continuous monitoring of temperature, humidity, gas concentrations, airflow, pressure and

equipment health, even in deep underground areas with limited connectivity.[ 89] Wireless con-

figurations using ZigBee, Wi-Fi or LoRaWAN ensure robust data transmission in harsh en-

vironments, while edge-processing units filter and compress sensor output before forwarding

it to cloud platforms for analysis. Such architectures allow AI models to recognise anomalies
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linked to methane build-ups, ventilation deficiencies, equipment wear or structural instability

well before they escalate into critical events.[ 149] The resulting monitoring ecosystems function

not merely as measurement infrastructures but as adaptive risk-detection mechanisms that

redefine response times, decision thresholds and accountability structures.

AI-driven monitoring frameworks also improve visibility in complex environments where

dust, noise, low lighting and confined spaces limit situational awareness and undermine the per-

formance of legacy detection systems. Computer-vision models identify unsafe situations such

as worker proximity to heavy equipment, entry into restricted areas or breaches of personal-

protective-equipment requirements, risks that humans often overlook or detect inconsistently.

Wearable devices and environmental sensors extend this capability by tracking worker loca-

tion, physiological indicators and exposure to hazardous conditions, enabling more proactive

occupational-health management and reducing reliance on retrospective incident reporting.

Such developments indicate a broader transition in which safety management depends on

probabilistic detection, behavioural inference and continuous data fusion rather than solely on

procedural controls.

Real-timemonitoring extends beyond improved detection ca-
pacity. As continuous sensing architectures and learning al-
gorithms become embedded in operational environments, risk
is no longer treated as an isolated event but as an evolving pat-
tern within interconnected systems. Artificial intelligence
reshapes how stability, exposure, and compliance are inter-
preted by translating dispersed signals into probabilistic as-
sessments of system behaviour. Monitoring thus becomes an
anticipatory function that alters response logic, institutional
responsibility, and the temporal horizon of intervention.

The growing global focus on tailings risk, intensified by the Brumadinho disaster in 2019

and reinforced by the 2020 Global Industry Standard on Tailings Management (GISTM),

has accelerated adoption of artificial intelligence, sensor networks and digital mapping to

strengthen dam stewardship and improve transparency across tailings storage facilities (TSFs)

(Figure 2 provides context by illustrating the global distribution of tailings facilities and the

contribution of different metals to total tailings volumes).
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Figure 2. Global distribution of tailings facilities and tailings generation by commodity.[ 20,35]

Note: The map above shows the global distribution of 1,947 registered tailings facilities, of which 1,481 were classified as active,

inactive, or inactive care and maintenance as of September 2024. The chart below presents global tailings volumes by commodity

based on 2016 data, indicating that approximately 8.9 billion tonnes of tailings were generated from the extraction of 10 billion

tonnes of ore. Although these volume data predate the map, the relative contribution of individual commodities to total tailings

generation is likely to have remained broadly consistent.
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Deep Learning–Geostatistics for Tailings Characterisation

Tailings are finely ground waste materials generated after mineral processing, produced in volumes
that far exceed recovered metals and typically stored in large impoundments.[ 126] Their composi-
tion often includes sulphide minerals and residual process reagents, rendering them geochemically
reactive and prone to long-term physical and chemical transformation once deposited.[ 99] When sul-
phidic tailings come into contact with oxygen and water, oxidation reactions release acidity, ferric
iron, and dissolved metals, eventually producing acid mine drainage if neutralisation potential is
depleted.[ 69] Anticipating how these reactions evolve over time is challenging because mineralogy,
redox conditions, and hydrological pathways vary across a facility. Operators therefore rely on
laboratory tests, field observations, and reactive transport models to estimate drainage quality and
long-term risk profiles.[ 123]

Circularity initiatives increasingly frame tailings as secondary resources rather than permanent
liabilities, given residual metals, critical raw materials, and mineral phases suitable for downstream
utilisation.[ 96] Geostatistical modelling allows operators to quantify the spatial distribution of target
elements and define resource tonnages with confidence, supporting selective re-mining strategies and
more predictable recovery outcomes.[ 44] Hydrometallurgical routes such as high-pressure leaching
recover copper from flotation tailings while converting sulphides into more stable oxidation products,
reducing metal mobility and acid-generating potential.[ 80] Comparable approaches have been applied
to bauxite residues, where mixed-acid leaching extracts lithium and aluminium without the thermal
burden of roasting.[ 179] Beyond base metals, reprocessing studies identify economically relevant
concentrations of scandium and rare earth elements that can offset remediation costs and mitigate
supply risks.[ 31,81] Auriferous tailings deposits in Brazil also contain recoverable gold, scandium, and
other metals, with 3D geostatistical modelling delineating enrichment zones that inform selective
extraction and integrated valorisation strategies.[ 104]

Artificial intelligence is reshaping the spatial and temporal characterisation of tailings, extending
analytical capacity beyond conventional geostatistical techniques. Hybrid models that integrate or-
dinary kriging with convolutional and recurrent neural networks translate variogram-derived covari-
ance information into learned spatial features, enabling algorithms to incorporate both coordinate
geometry and dependence structures during training. This mitigates the smoothing bias of linear
estimators, which suppress local extremes and dilute high-grade anomalies in heterogeneous systems.
By embedding covariance vectors into a 1D CNN–BiLSTM architecture, such models reconstruct
short-range variability and nonlinear spatial patterns that kriging cannot resolve, achieving sub-
stantial reductions in error and near-perfect predictive performance across sparse sampling grids.
Complementary machine-learning approaches applied to drainage forecasting use decision-tree clas-
sification of snowmelt signals as inputs to LSTM models, capturing climate-driven hydrological
pulses that challenge reactive-transport methods in heterogeneous substrates. The integration of
these techniques yields geochemical and hydrological predictions that preserve local discontinuities
and anticipate drainage responses, enabling targeted recovery, selective retreatment, and proactive
management of acid-generating zones.[ 30,178]



IoT-enabled instruments now track soil moisture, rainfall, seismic activity, phreatic line

evolution, water levels, temperature and freeboard, feeding operational dashboards that con-

solidate information previously dispersed across inspection sheets, monitoring platforms and

engineering reports. Within this ecosystem, digital twin architectures create continuously

updated two- or three-dimensional replicas of TSFs, enabling operators to visualise trends,

test stability scenarios and support informed decision-making, while automated alarm trig-

gers activate when water bodies or equipment configurations exceed predefined thresholds.[ 70]

Image-classification techniques applied to time-lapse cameras provide an additional verification

layer, achieving accuracy above 92% for water detection and 84% for identifying personnel and

mobile equipment, thereby strengthening oversight of pond migration, freeboard conditions

and operational movements.

Monitoring capabilities now extend beyond surface observations to encompass the internal

behaviour of tailings structures, where failure can be catastrophic. Embedded piezometers,

inclinometers, moisture probes, fibre-optic strain gauges, drones and satellite InSAR supply

continuous telemetry to AI platforms that detect minute variations in pore pressure, settlement

rates, flow paths or embankment deformation. Digital twin models integrate geotechnical,

geospatial and environmental information to simulate TSF performance and identify breach

precursors such as erosion, overtopping or liquefaction. As monitoring architectures evolve,
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tailings facilities resemble intelligence-intensive infrastructures whose stability assessments

depend on model performance, anomaly interpretation and uncertainty management rather

than solely on static design parameters.

By consolidating historically fragmented datasets, including sensor logs, inspection notes,

drone imagery, rainfall and seismic records, and geotechnical models, AI agents construct

coherent baselines of facility behaviour and identify deviations that may correspond to pip-

ing, subsidence, slope movement, or excessive hydraulic loading. This approach mitigates

longstanding blind spots associated with intermittent inspections and delayed manual data

processing, improving response times and strengthening early-warning capabilities across en-

tire TSF portfolios.[ 72] Crucially, it also alters how risk is defined and communicated, shifting

emphasis from threshold exceedances toward probabilistic deviation patterns and dynamically

evolving failure precursors.

In parallel, predictive analytics enhance TSF performance management by coupling histori-

cal design specifications, maintenance and deposition records, hydrological inputs and seismic

observations with streaming sensor data. Machine-learning models simulate dam responses

to extreme weather or operational changes, forecast unsafe water levels or stress concentra-

tions and identify potential equipment failures by analysing anomalous flow, temperature or

energy-consumption signatures. Digital twin frameworks deploy time-series forecasting tech-

niques, including ARIMA and LSTM, to estimate future phreatic line positions, seepage rates,

freeboard, displacement or wind loading over periods of several months.[ 125] Random forest

classifiers trained on historical failure records evaluate which combinations of these parame-

ters are most likely to correspond to overtopping, erosion or liquefaction scenarios, enabling

earlier and more reliable breach detection. These capabilities reposition tailings management

from a reactive compliance activity towards a forward-looking system of inference-driven risk

governance.

Advances in AI-supported engineering extend to the characterisation and optimisation of

tailings materials. Intelligent models assist in predicting material behaviour, classifying waste

streams and designing cemented paste backfill (CPB) and other tailings-derived construction

materials. Multi-objective optimisation frameworks reduce the need for extensive laboratory

testing by identifying suitable combinations of tailings, binders and industrial by-products

such as slags or fly ash, facilitating more cost-effective and sustainable material production.

These analytical tools are also applied to tailings reprocessing, where AI-supported geospatial

analysis and remote sensing help locate zones with recoverable mineral content and assess

feasibility of secondary extraction, reinforcing circular-economy strategies. In this context,

waste streams evolve from passive storage challenges into dynamic resource systems whose

economic potential depends on detection, modelling and decision intelligence.

Artificial intelligence is also reshaping post-closure reclamation, where operators must demon-

strate that mined land is progressing toward a stable and ecologically functional state. UAV
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platforms equipped with multispectral, hyperspectral and LiDAR sensors collect high-resolution

terrain, vegetation and environmental data that feed AI models capable of classifying land

cover, assessing erosion patterns and tracking revegetation success over time.[ 60,148] Digital

surveillance frameworks support closure planning by integrating geotechnical, hydrological and

ecological variables to detect lingering hazards and assess whether rehabilitation interventions

perform as intended. Emerging approaches that combine UAV monitoring with mixed-reality

visualisation allow planners and communities to evaluate potential land uses and communicate

closure outcomes more transparently. Such developments reinforce the notion that closure per-

formance becomes an information-dependent process shaped by monitoring continuity, model

interpretation and long-term system feedback.

Looking ahead, as regulatory expectations strengthen and environmental, safety and clo-

sure obligations become more stringent, AI platforms are emerging as an organising layer

across mine operations. These platforms automate documentation, verify compliance contin-

uously and provide live dashboards that give engineers, operators and regulators a shared

view of risks, performance indicators and evolving site conditions. By consolidating sensor

feeds, satellite observations, equipment diagnostics and inspection records into unified audit

trails, they streamline reporting, highlight deviations before they escalate and support faster,

evidence-based interventions. In doing so, artificial intelligence reinforces worker protection,

strengthens dam and infrastructure stewardship and supports more transparent, proactive

and sustainable life-cycle strategies, from extraction to post-closure land use. More funda-

mentally, this evolution signals a transition in which environmental liabilities, waste systems

and secondary resources are governed through intelligence architectures that mediate how risk,

stability and value are defined.

Recycling

Despite its recognised contribution to resource efficiency and emissions reduction, metals re-

cycling remains limited by systemic barriers that extend well beyond technological challenges.

Collection rates for end-of-life products vary widely across sectors, and many metal-containing

goods are either discarded in municipal waste streams, exported without proper recovery or

accumulated in informal stockpiles, interrupting the flow of secondary materials into formal

recycling channels[ 140]* Even where collection systems function effectively, the technical com-

plexity of modern products poses significant barriers to separation and pre-processing, since

they often contain dozens of elements, many used in minute quantities and tightly intermingled

in complex assemblies.

*In the case of copper, dispersal across electronics and vehicles and the presence of trace impurities reduce the quality of recovered
material and require more sophisticated identification and sorting before remelting.[ 108] These constraints prevent global recycling systems
from approaching the closed material loops envisioned in circular-economy strategies, with inefficiencies emerging at every stage from
product design and collection to sorting and final separation.
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Economic incentives amplify these limitations: high-value metals with established markets

tend to be recovered at reasonable rates, whereas those used in small quantities or requiring

labour-intensive dismantling are often lost after a single life cycle. Price volatility, uncertain

scrap quality and limited transparency discourage investment in recovery infrastructure for

lower-value or complex materials. In many cases, separation and purification costs exceed

expected returns, reinforcing a hierarchy in which only a subset of metals achieves viable

circularity. This imbalance in value signals shapes recycling outcomes as much as technology.

These challenges are particularly acute for metals and elements most frequently classified as

critical in policy and industrial strategies, given their essential role in low-carbon technologies,

typically low concentrations in end-use products, long service lifetimes and highly fragmented

applications. For many of these materials, recycling remains structurally limited by slow

turnover of in-use stocks and restricted volumes reaching end of life, reducing availability of

secondary supply even where recycling technologies exist. As a result, secondary output for

most such elements remains modest, and recycling contributes only marginally to meeting

current demand (for context, Figure 3 provides an overview of recycling rates across metals,

including end-of-life recycling rates and recycling input rates). This temporal and structural

lag means that while recycling is indispensable for long-term sustainability, it cannot offset

near-term supply risks or substitute for primary production.
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Figure 3. End-of-life recycling rates and recycling input rates for selected metals.[ 1,2,24,26]

Note: The visualisations present the distribution of recycling rates across elements by value range for those with available estimates.

Although the underlying data reflect an earlier assessment and may differ from more recent values, recycling rates typically evolve

slowly, making these visuals a useful reference for comparing recycling performance across elements.
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Artificial intelligence has begun to address several bottlenecks that restrict recycling perfor-

mance by improving how waste is monitored, sorted and routed through the recovery chain.

Smart-waste platforms integrate low-cost sensors, IoT devices and camera systems to clas-

sify materials, track container fill levels and optimise collection schedules, reducing inefficient

routes and preventing container overflows.

Machine-learning models trained on image, acoustic and volumetric data distinguish com-

mon waste categories in mixed streams and detect contamination or improper disposal that

would otherwise degrade downstream product value. Automated sorting technologies are in-

creasingly combined with these monitoring tools to classify heterogeneous waste streams more

consistently and reduce reliance on manual intervention. AI also enhances system-level per-

formance by forecasting waste-generation patterns, optimising routing for collection vehicles

and supporting adaptive planning across entire recycling networks.[ 138] Although initially de-

veloped for general waste-management systems, underlying techniques such as multimodal

sensing, predictive modelling and automated classification provide a technical foundation for

the more stringent requirements of metals recycling, where compositional precision and trace-

element control are central to recovery quality.

The central tension inmetals recycling lies not in technical fea-
sibility but in temporal andmaterial constraints. Secondary
supply emerges from long-lived stocks, complex product ar-
chitectures, and geographically dispersed waste streams, all
of which evolve more slowly than demand. Artificial intelli-
gence operates at the level of system coordination rather than
material abundance, improving visibility, routing, and com-
positional precision within inherently limited flows. In this

context, recycling becomes a question of managing scarcity un-
der structural limits, where optimisation enhances resilience
but does not remove dependence on primary extraction.

The practical implications of these capabilities become evident in systems handling complex

metallic scrap streams, where material heterogeneity and alloy specifications require AI tools

capable of identifying compositions, detecting impurities and forecasting processing behaviour

with high granularity. Machine-learning models support alloy identification, impurity detec-

tion and classification of mixed metallic fractions by learning relationships between chemical

composition, microstructural features and expected processing behaviour.[ 135]
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Integrated Computational Materials Engineering and digital-twin approaches complement

these developments by simulating recycling routes, evaluating how different scrap blends in-

fluence product properties and optimising process parameters to reduce defects and energy

consumption. These tools allow facilities to align sorting, blending and remelting decisions

more closely with material availability and final alloy specifications, reducing compositional

uncertainty that currently limits secondary-metal quality.

AI-enabled spectral analysis further strengthens alloy recognition in scrap streams. Exper-

iments using optical emission spectroscopy show that machine-learning classifiers can deliver

more consistent and in some cases more accurate identification of tool and high-speed steels,

particularly under high-throughput conditions, enabling rapid and reliable alloy recognition

from arc-induced spectra.[ 34] Related work combining multispectral imaging with machine-

learning techniques distinguishes among metals such as aluminium, copper, brass, iron and

stainless steel, demonstrating the potential of image-based approaches to reduce manual sort-

ing demands and improve scrap-assessment consistency. These advances address two long-

standing challenges in metals recycling: limited reliability of composition data in incoming

scrap streams and the need to detect impurities that compromise downstream processability.

AI applications are also expanding into more complex end-of-life products such as waste

printed circuit boards (PCB) and mixed electronic scrap, where diversity of metals, inter-

metallics and coatings makes conventional separation particularly difficult. Deep-learning

models trained on combined spectral, visual and elemental data support classification of PCB

fragments, detection of precious-metal-bearing components and prediction of optimal liber-

ation and dismantling strategies.[ 119] Related work on copper recovery from printed circuit

boards shows that machine-learning models, including artificial neural networks and boosting

algorithms, optimise leaching conditions and improve metal-recovery efficiency within zero-

waste frameworks.[ 158] These findings indicate that AI contributes not only to identification

and disassembly of complex e-waste fractions but also to integrated process optimisation

downstream, particularly where material heterogeneity and process variability limit recovery

performance.

The expansion of artificial intelligence across metals recycling is best viewed within a

broader structural context. Global demand for metals critical to electrification, infrastruc-

ture expansion and digitalisation continues to rise under all plausible transition pathways,

and much of this growth is already embedded in long-lived capital stocks and energy systems.

Recycling plays a central role in reducing emissions, lowering material intensity and enhancing

system resilience, yet evidence indicates that its contribution is limited in the near term by

structural factors rather than technological capability alone.[ 46,97] Long product lifetimes, hi-

bernating stocks, collection losses and uneven regional capacity constrain the speed at which

secondary supply can expand, even under optimistic assumptions.

Recycling should therefore be understood as a necessary but capacity-bounded pillar of any
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credible transition in metals supply, embedded within a system in which primary production,

secondary supply, demand growth and resource efficiency interact over extended time horizons.

While its contribution to emissions reduction, material efficiency and system resilience is sub-

stantial, meeting rising and structurally embedded demand requires coordinated development

across the entire supply chain. Effective transition pathways depend on policies that inte-

grate recycling and primary production within a coherent framework rather than positioning

secondary materials as substitutes for mined supply. Artificial intelligence reinforces this com-

plementarity by enhancing performance, predictability and scalability of recycling systems, yet

its full value is realised only when secondary supply evolves alongside sustained investment in

responsible primary production and transparent, well-functioning material markets.

Human Resource Management

Human Resource Management (HRM), concerned with the organisation and governance of hu-

man resources, is inherently cross-sectoral. Organisational performance depends not only on

capital, technology or physical assets, but on how effectively people are recruited, developed,

deployed and retained in response to strategic objectives and external conditions. Within this

context, HR practices function as a critical interface between organisational strategy, work-

force capabilities and operating environments, shaping productivity, safety, adaptability and

long-term performance.[ 88,151,152] As the primary means through which innovation is generated,

relationships are sustained and strategy is translated into outcomes, people constitute the or-

ganisational lifeblood, making the implications of artificial intelligence within HR analytically

significant.

As organisations operate in more complex, distributed and data-intensive environments, the

limits of intuition-based HR practices become more visible. Managing workforce dynamics at

scale, anticipating evolving skill requirements and identifying early signals of risk, disengage-

ment or capability gaps often exceed the capacity of conventional decision-making approaches.

At the same time, organisations generate unprecedented volumes of data on recruitment, per-

formance, learning, mobility and attrition, creating conditions for a structural shift in how

human capital is analysed, governed and deployed.

This data-rich context has accelerated the digital transformation of HR functions. Activities

that were historically administrative and reactive are becoming more analytical and forward-

looking. Workforce decisions are informed by systematic analysis rather than experience alone,

reflecting the need for consistency, transparency and predictive capability in complex operating

environments.
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Figure 4. Relative perceived impact of artificial intelligence across HR functions.[ 38]

Artificial intelligence has emerged as a central enabler of this shift in HR practice. Rather

than replacing human judgement, AI-based tools support and extend it by identifying patterns,

anticipating risks and modelling organisational outcomes that are difficult to detect through

conventional analytical methods. Evidence of how these capabilities are perceived within the

HR profession is illustrated in Figure 4, which draws on a cross-sectoral survey of HR leaders

in North America and highlights the HR domains most widely regarded as likely to be affected

by artificial intelligence.

HR activities generate data with strong predictive potential, including recruitment records,

performance metrics, training histories, career trajectories and attrition indicators. These

datasets have enabled application of machine-learning techniques to HR functions such as tal-

ent identification, skills mapping, turnover prediction and workforce planning,[ 145] using meth-

ods ranging from regression models to decision trees and neural networks. Decision-tree-based

approaches, particularly random forests, have gained prominence due to their adaptability and

capacity to handle multifactorial information in operationally complex environments.[ 42]

The strategic significance of AI in HR lies less in automation than in foresight and aug-

mentation. Many organisations first introduce AI through use cases such as screening, short-

listing and standardising early-stage recruitment decisions. Yet these systems do more than

apply efficiency criteria. They formalise particular interpretations of fairness, often privileg-

ing procedural consistency over contextual judgement, even though fairness in AI-mediated
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recruitment remains plural and contested.[ 141,165] When fairness is translated into scores, rank-

ings and thresholds, space for challenge and contextual adjustment narrows. The risk is not

necessarily overt discrimination, but gradual contraction of talent pipelines if non-standard

career trajectories or situational knowledge are insufficiently recognised.

Systematic reviews confirm that predictive analytics and decision-support applications rep-

resent the most mature and impactful uses of AI in HR, particularly in recruitment, training

alignment and turnover management, while also highlighting persistent ethical and governance

challenges.[ 32,145] Durable gains arise when AI augments rather than replaces human judgement.

Self-service assistants and AI-enabled HR service delivery reduce friction in onboarding, policy

interpretation and administrative support, freeing HR capacity for workforce planning, skills

strategy and leadership development.[ 143,150] High-profile examples, such as IBM’s AI agent

“AskHR”, illustrate how automation can accelerate internal workflows and reduce error rates

when embedded within clear governance structures, reframing automation as time recovered

for coaching and higher-quality managerial decisions rather than as an end in itself.[ 53]

Despite growing visibility, AI deployment in HR remains uneven. Adoption continues to con-

centrate disproportionately on recruitment and selection, while domains such as training, com-

pensation, career development and workforce design receive comparatively less attention.[ 134]

This concentration reflects both the relative ease of automating entry-point decisions and

organisational caution in embedding AI across the full employee lifecycle.

Introduction of AI into HR processes can also generate technology-related insecurity among

employees, potentially weakening perceptions of stability, engagement and control if not care-

fully managed.[ 105] AI-driven decisions are subject to a persistent machine penalty, whereby

errors attributed to algorithms are judged more harshly than comparable human mistakes,

generating stronger moral unease and heightened demands for accountability.[ 45] In contexts

where intelligent systems influence hiring, performance evaluation or career progression, le-

gitimacy depends on preserving contestability, maintaining transparency about data use and

keeping multiple operational definitions of fairness visible.

Beyond individual applications, AI alters how organisations conceptualise work and careers.

As skills function as the operative currency of work, the HR challenge shifts from filling fixed

roles to re-matching capabilities to evolving tasks and technologies. AI-enabled talent market-

places and internal mobility systems can surface adjacent skills, reveal non-obvious progression

pathways and reduce reliance on scarce external hires. However, these systems are interpreted

positively only where credible development pathways and reskilling commitments are visible.

Where job redesign is weak, they risk being perceived as instruments of rationalisation rather

than capability building.[ 22,115]
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Education and capability development therefore emerge as central levers for embedding AI

effectively within HR systems. Successful integration requires systems-level understanding

that connects data analytics, organisational behaviour, ethical reasoning and human decision-

making.

Human resourcemanagement is not primarily about automat-
ing routines, but about redefining how organisational capability
is interpreted under uncertainty. As workforce systems become
more deeply datamediated, the core question shifts from accel-
erating decisions to governing how human judgement and al-
gorithmic inference interact. Artificial intelligence formalises
specific definitions of merit while expanding the capacity to an-
ticipate skill gaps and workforce transitions. It thereby shapes

how opportunity and development pathways are structured within
organisations. The strategic challenge lies in aligning predic-
tive insight with ethical oversight and organisational trust.

These considerations become particularly consequential in sectors characterised by high op-

erational risk and strong interdependence between human judgement and technical systems.

Mining exemplifies this combination. Despite accelerating automation, the industry remains

fundamentally people centred, relying on skilled operators, engineers, geologists and supervi-

sors to manage safety-critical processes, interpret complex geological information and respond

to operational uncertainty. At the same time, mining faces persistent, and in many regions

intensifying, constraints in human capital availability, driven by demographic change, uneven

regional labour markets, competition for specialised technical skills and the rapid evolution of

competencies linked to digitalisation and automation.[ 66] These dynamics translate into sus-

tained demand for core technical roles, mounting pressure on training and retraining systems

and the need for continuous investment in human capital to maintain operational continuity

under conditions of economic and technological uncertainty.[ 95]

Survey evidence indicates that mining is perceived as significantly less attractive to young

workers than sectors such as healthcare, high technology or financial services, reflecting con-

cerns related to working conditions, career pathways, flexibility and social perception (see

Figure 5).
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Figure 5. Sector attractiveness among young workers aged 15–30, based on stated willingness to consider
employment in 2020.[ 23]

Note: Minor differences compared with the source data are due to rounding.

Analysis of workforce trends highlights declining enrolment in mining-related disciplines,

rising vacancy rates for specialised roles and increasing difficulty in competing for digital

and analytical talent in cross-industry labour markets. These pressures elevate HRM from an

operational function to a central lever shaping organisational resilience and long-term viability.

In this environment, AI extends beyond administrative HR functions to influence how hu-

man and technical systems interact within mining operations. AI-enabled HR systems sup-

port anticipation of workforce transitions, identification of emerging skill gaps and design

of targeted training, reskilling and succession pathways that connect established mining ex-

pertise with data-intensive roles in automation, robotics and digital operations.[ 79,110] These

systems also enable more granular insight into fatigue risk, workforce mobility, engagement and

wellbeing, challenges that are particularly acute in remote, rotational and camp-based work

contexts.[ 132] When embedded within coherent people strategies, such tools support clearer

career pathways and more adaptive development trajectories.

Evidence across sectors suggests that AI adoption frequently outpaces the development of

coherent workforce strategies. Industry assessments indicate strong interest in digital tools,

yet also reveal persistent gaps in formal strategy, governance, and workforce capability devel-

opment, particularly in operational and field-facing roles.[ 59]
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In mining, digital maturity often remains uneven, with pockets of progress rather than

enterprise-wide integration. Broader labour-market analysis likewise suggests that recent em-

ployment slowdowns cannot be attributed primarily to AI adoption, and that technological

disruption is mediated by macroeconomic conditions and skills adaptation rather than immedi-

ate displacement effects.[ 136] This reinforces a central implication for mining organisations: the

employment impact of AI depends less on the technology itself than on structured investment

in reskilling, internal mobility and deliberate change management. Where workforce strategy

evolves in parallel with digital deployment, AI is more likely to augment roles and expand

capability pathways than to undermine employment stability.

Mining also intensifies governance demands surrounding AI-enabled HR. Workforce data

are often generated under conditions of constrained privacy and heightened power asymmetry.

When AI is used to evaluate performance, anticipate workforce transitions or inform decisions

on hiring, deployment and advancement, legitimacy depends on transparency, clearly defined

monitoring limits and robust mechanisms for contestability.[ 76] Responsible deployment there-

fore requires participatory governance involving supervisors, workforce representatives and

affected groups, ensuring that operational definitions of fairness remain adaptable and aligned

with safety imperatives and long-term capability development.[ 153,165]
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Previous sections examined artificial intelligence primarily as a supply-side influence on

metals markets, improving productivity, efficiency and decision-making across the value chain.

Yet AI is not only transforming how metals are produced. It is also emerging as a direct driver

of demand. Metals lie at the centre of the energy transition. Electrification, renewable power,

grid expansion and energy storage require large volumes of material, placing sustained upward

pressure on demand for copper, aluminium, nickel and a range of battery and specialty metals.

As governments pursue decarbonisation and energy security, these trends are already testing

the resilience of mining, refining and manufacturing supply chains. Artificial intelligence rein-

forces demand growth that is structurally embedded in energy, infrastructure and industrial

policy.

AI intensifies physical demand for metals through rapid expansion of advanced comput-

ing systems, specialised components and digital infrastructure. Its influence extends beyond

immediate electronic hardware requirements. The acceleration of digital technologies, from

cloud computing and optical networks to quantum research and high-capacity data storage,

has brought a wide range of critical minerals to the centre of industrial strategy. Silicon,

cobalt, gallium, rare earths and related materials underpin modern computing architectures

and shape the capacity of economies to scale digital services.[ 16,100] These material dependen-

cies overlap directly with those of the energy transition, creating compound exposure across

metals used in power generation, transmission and advanced electronics.[ 4] As countries pursue

digital sovereignty alongside decarbonisation, supply-chain resilience has become a strategic

concern.

The most visible manifestation of this trend is rapid expansion of data-centre infrastruc-

ture (see Figure 6). In the United States, leading hyperscale technology firms have signalled

combined capital spending on data centres exceeding $750 billion over 2025 and 2026 as compe-

tition around artificial intelligence intensifies.[ 36] Globally, investment in digital infrastructure

is projected to approach $7 trillion by the end of the decade, with the majority directed to-

wards advanced computing equipment and the remainder allocated to power systems, cooling,

transmission, real estate, labour and network upgrades.[ 128]

AI-intensive data centres operate at higher power densities than traditional IT facilities

and rely on more material-intensive cooling, networking and storage systems. As a result,

they are altering the demand profile for critical minerals.[ 48,159] High-performance motors, fans

and storage devices depend on rare earth magnets, increasing exposure to minerals whose

refining capacity is highly concentrated. The requirement for uninterrupted power supply

expands demand for grid infrastructure and energy storage, linking AI growth directly to

metals already under pressure from electrification and renewable deployment.

45



International Copper Study Group

A data centre forms the physical backbone of the digital economy, housing servers, storage systems, and network-

ing equipment that process and transmit the data underpinning cloud services and artificial intelligence. These

facilities consist of densely packed racks of high-performance computing equipment supported by cooling systems

to regulate operating temperatures, alongside uninterruptible power supplies and backup generation to maintain

reliability. As AI deployment expands, data centres rely increasingly on accelerated computing architectures

designed for complex model training and inference, positioning the sector among the fastest-growing sources of

electricity demand globally.

Electricity consumption associated with data centres is projected to rise sharply in the coming years, requiring

substantial expansion of power generation capacity. Coal currently accounts for the largest share of electric-

ity supply to data centres globally, followed by renewables, natural gas, and nuclear power, although regional

variation remains significant. Wind and solar are expected to provide a large proportion of incremental gener-

ation through 2030, supported by utility-scale deployment and direct procurement by technology firms. Fossil

fuels nevertheless remain central to meeting near-term demand, particularly where infrastructure development

outpaces clean energy build-out. Beyond 2030, small modular reactors are projected to contribute to supply

diversification, complementing renewable growth and moderating reliance on coal. Under such trajectories, emis-

sions from data-centre electricity use would peak toward the end of the decade before gradually declining, even

as computing capacity continues to expand.[ 18,19]

Figure 6. The core architecture of a modern data centre.
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At the physical level, data centres translate digital expansion into demand for a wide range of

metals. Copper forms the backbone of power transmission and internal connectivity, enabling

dense internal wiring and robust links to external grids. Aluminium is used extensively in cool-

ing systems and heat management, while steel provides structural integrity at scale. Advanced

computing hardware relies on smaller volumes of specialised materials, including germanium

and indium for electronic components, alongside rare earth elements that enable high-density

data storage and precision motors. As AI raises requirements for processing power and data

storage, material demand scales in parallel, reinforcing the link between digital expansion and

metals consumption across construction, energy and electronics.

This material breadth extends beyond structural and conductive metals visible in data-

centre construction. AI infrastructure also drives demand for battery and storage-related

metals used in backup power systems and grid integration. Table 1 summarises projections

for additional annual consumption of key metals by 2030 and illustrates the range of materials

affected by expansion of AI-related infrastructure.[ 86]

Table 1. AI-driven metal consumption.

Metal Projected consumption increase by 2030

Copper 1-3.4 Mt

Lithium 150-200 kt (battery-quality)

Cobalt 25-35 kt

Nickel 180-250 kt

Manganese 75-100 kt

Copper’s exposure to AI infrastructure is particularly pronounced because large-scale sub-

stitution remains limited. Data centres do not operate in isolation. They must be wired

internally and connected to transmission networks, making copper indispensable for power

distribution, cabling and electrical reliability. As demand for data storage and processing

capacity expands, copper consumption rises in tandem, while supply growth remains compar-

atively slow. Recent industry analysis indicates that AI-driven copper demand is shaped less

by server volumes than by grid connection, redundancy and long-lived power infrastructure,

all of which embed copper into assets with multi-decade lifetimes and limited flexibility once

built.[ 12]
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6x growth in copper use for data centres by 2050

cumulative copper locked into AI data centres
by 2035
400-572kt AI data-centre copper demand across the 2020s4.3Mt

6.0Mt projected global copper supply gap by 2035

additional annual copper demand from AI in-
frastructure by 20301.0Mt

AI depends on extensive electrical and digital systems, and copper is the metal that enables
them. Whether in power delivery, grid upgrades, cooling or server interconnection, copper
supports every layer of AI infrastructure. With AI scaling rapidly, it is now a key structural
driver of global copper demand, cementing copper’s central role in the technological and
energy landscape.[ 16]
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This surge in investment, and the associated pressure on metals markets, is unfolding in an

environment of considerable uncertainty. Demand for AI-related compute may accelerate if

new applications prove transformative, or stabilise if adoption slows or efficiency gains offset

growth. Advances in processor design and system architecture are likely to reduce unit com-

puting costs, yet these gains may be absorbed by larger models, increased experimentation

and wider deployment. Efficiency improvements often lower barriers to use rather than con-

strain total consumption, reinforcing scale effects rather than dampening them. The result

is a market characterised by rising capital commitments but limited visibility over long-term

demand trajectories, increasing sensitivity to policy signals, investment cycles and macroeco-

nomic conditions.

Against this backdrop, the global build-out of AI infrastructure is adding sustained pressure

across key metals, with copper among the most exposed. Data-centre expansion alone could

raise global copper demand by around 2% by 2030, equivalent to roughly 512 kilotonnes tied

to new facilities and grid connections. Broader estimates incorporating servers, networking

equipment and associated power infrastructure suggest total AI-related systems could require

one to 3.4 million tonnes of copper annually by 2030. Over the remainder of the decade,

AI-related applications are expected to account for a growing share of incremental copper

demand, reinforcing pressures projected to intensify into the mid-2030s, when global supply

may meet only around two thirds of projected demand.[ 4] These dynamics point to a tighter

market in which relatively small shifts in demand assumptions or project timelines can have

outsized price and availability effects, heightening sensitivity to permitting delays, geopolitical

decisions and investment discipline in major producing regions.

A broader comparison situates AI-related copper demand alongside other expanding sectors.

On a total-system basis, AI infrastructure could require one to 3.4 million tonnes annually by

2030, growing at approximately 15 to 25% per year and concentrated in major technology hubs.

By contrast, electric vehicles consume around 2.5 million tonnes annually, expanding at 20 to

30% with more geographically dispersed production. Renewable energy technologies demand

roughly 4.2 million tonnes per year, with steadier growth of 8 to 12%, while construction re-

mains the largest segment at approximately 12 million tonnes annually, characterised by slower

growth and broad geographic dispersion. Although AI-related demand remains smaller in ab-

solute volume, its speed, concentration and capital intensity amplify supply-chain pressures

and reduce the system’s capacity to absorb shocks.

AI’s influence on metals markets is not confined to demand. The same technologies driving

expansion of digital infrastructure are deployed within mining operations themselves, improv-

ing efficiency, safety and recovery rates through predictive maintenance, autonomous equip-

ment, advanced ore sorting and data-driven exploration.[ 83] This dual role of AI, simultaneously

intensifying demand while reshaping supply-side performance, reinforces the tight coupling be-

tween digitalisation and physical constraints of mineral production.
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Copper, AI and the Blind Spots of Critical Mineral Policy

Artificial intelligence is often framed as a triumph of code, data, and abstraction. In physical terms,
it is an infrastructure story. AI resides in data centres, flows through power grids, and depends on
electrical systems whose limits are set not by algorithms but by materials. Among those materials,
copper occupies a position that existing critical-mineral frameworks have struggled to recognise.[ 21]

Copper’s importance to AI does not rest on novelty or geological scarcity. It rests on ubiquity
and necessity. High-performance computing requires dense, reliable, and efficient transmission
of electricity, both within data centres and across the networks that supply them. Copper re-
mains indispensable for semiconductor interconnects, power cabling, transformers, cooling systems,
and grid reinforcement, with no scalable substitute matching its conductivity, durability, and cost-
effectiveness across the full range of AI-related applications. As data-centre capacity expands to
support generative AI, demand extends well beyond chips and servers into the physical backbone
of power supply and heat management, embedding copper within long-lived capital assets.
Critical-mineral debates tend to follow a different logic. Attention gravitates toward materials that
are newly strategic, geographically concentrated, or politically exposed. Lithium, rare earths, and
graphite fit this narrative neatly. Copper does not. It is mined across multiple regions and has
been embedded in industrial systems for more than a century. That apparent resilience, however,
conceals a subtler fragility. When a single material underpins several transformations at once,
including electrification, renewable power, digital infrastructure, and artificial intelligence, even
modest supply constraints can propagate across systems never designed to compete for the same
inputs. Ageing mines, declining ore grades, and extended project lead times further narrow the
margin for adjustment.[ 5,67,87]

Expansion of AI intensifies existing pressures in copper markets. Data centres are highly capital-
intensive assets with long operating lifetimes, meaning material demand persists well beyond the
initial investment cycle. Estimates suggest that copper use linked to AI-oriented data centres could
rise several-fold over coming decades, adding a durable layer of demand to grids already strained
by electrification and clean-power build-out.[ 11,48] In this context, demand becomes more structural
than cyclical, reinforcing long-term tightness across energy and power infrastructure.
Other materials matter, but in different ways. Rare earths, aluminium, and specialised alloys
enhance performance at the margin. Copper enables the system itself. Hyperscale data-centre
operators, often less price-sensitive than traditional industrial consumers, are already competing
directly with grid developers for key components such as transformers and cabling. This offers an
early indication of how material constraints migrate across sectors. The distinction is frequently
overlooked in policy frameworks that equate criticality with scarcity alone. Strategic importance
may also arise from irreplaceability at scale.
As artificial intelligence embeds itself more deeply into economic and social life, the central question
is not whether copper should be labelled “critical” in a formal sense. It is whether institutions
designed for a previous technological era can recognise systemic dependencies before they harden
into binding financial, infrastructural, and political constraints.
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Demand pressures are compounded by constraints further along the supply chain. Sev-

eral minerals critical to AI infrastructure are abundant upstream in Latin America and other

resource-rich regions, yet much intermediate processing and refining capacity remains concen-

trated in a limited number of countries, widening exposure to midstream bottlenecks and

geopolitical risk.[ 17,61,118] Refining expansion is capital intensive and subject to permitting

constraints, slowing diversification even where upstream resources are available. This con-

centration heightens vulnerability to trade restrictions and industrial policy shifts. Recent

export restrictions on semiconductor-related materials illustrate how quickly policy decisions

can disrupt technology markets. Rare earth magnets used in high-performance motors, cooling

systems and specialised storage devices depend on similarly concentrated refining capacity.

The rise of artificial intelligence is therefore reshaping metals markets well beyond direct

hardware consumption. By accelerating demand growth, broadening the range of affected

materials, concentrating consumption geographically and interacting with already constrained

mining and refining systems, AI is tightening the links between digitalisation, the energy

transition and macroeconomic risk. Copper, given its central role in power transmission and

digital infrastructure, is likely to face sustained structural pressure as AI continues to scale.



Closing Insights

In today’s economy, disruption is no longer a distant possibility but a persistent condition

reshaping how organisations operate, compete and endure. No institution, regardless of scale,

reputation or past success, is insulated from technological shifts capable of eroding longstand-

ing advantages. History suggests that such transformations rarely arrive as singular moments.

They unfold through successive waves of experimentation, disappointment, consolidation and

renewal, often over decades rather than years. Artificial intelligence has broadly followed this

pattern. From its philosophical origins and early symbolic systems to machine learning, deep

learning and today’s generative models, AI has advanced through recurring cycles of ambition

and constraint that echo earlier industrial revolutions.[ 116,139,168] Yet the breadth, diffusion and

velocity of its current expansion distinguish this phase from those that preceded it.

While the scale and speed of recent advances are unprecedented, the broader lesson remains

consistent: societies adapt more gradually than headlines imply, and outcomes are shaped as

much by institutions, skills and incentives as by technology itself. Global risk assessments

frame artificial intelligence not as an isolated disruption, but as an amplifier of existing vul-

nerabilities, including information fragility, social polarisation, cyber insecurity and declining

trust in institutions.[ 14] Macroeconomic analysis likewise indicates that AI’s aggregate impact

will vary across countries, shaped by labour-market structures, sectoral composition, digital

capacity and policy readiness rather than emerging as a uniform productivity shock.[ 177] The

implications therefore depend less on technical capability than on the resilience of governance

systems, labour markets and public trust. In this sense, resilience is defined not by stability

but by readiness, the capacity to adapt as technological and social conditions evolve.

The current phase of artificial intelligence is best understood not as an abrupt rupture, but

as the latest extension of a long technological trajectory. It carries forward the legacies of

mechanisation, electrification, and digitalisation into domains of cognition, perception, and

decision-making.[ 78] What began as deterministic automation has matured into systems capa-

ble of learning, inference, and autonomous reasoning. Generative AI represents a qualitative

inflection in this progression. These systems no longer operate solely within predefined opti-

misation boundaries; they can synthesise information, generate novel outputs, and function

as general enablers across diverse contexts.[ 29,170] Yet this evolution does not diminish the role

of human judgement. On the contrary, it heightens the importance of human oversight in

environments characterised by uncertainty, complexity, and scale.

The most durable value of artificial intelligence therefore lies not in the sophistication of al-

gorithms, but in the quality of collaboration it enables between humans and machines. AI can

process vast datasets with speed and precision, but it cannot supply strategic intent, contex-

tual understanding, or ethical discernment. These remain inherently human responsibilities.

52



International Copper Study Group

Artificial intelligence functions less as a standalone substitute for human expertise than as an

enabling, general-purpose capability whose benefits depend critically on diffusion, institutional

fit, and complementary investments in skills, organisational practices, and governance.[ 6,63,116]

In this sense, AI tends to amplify existing organisational strengths and weaknesses rather

than replace them. Where absorptive capacity is high, it can accelerate learning, innovation,

and problem-solving; where it is weak, it may deepen fragmentation and reinforce brittle de-

pendencies. Effective adoption therefore depends on cultivating judgement, creativity, and

resilience across organisations, while ensuring that AI literacy is broadly distributed rather

than concentrated within technical elites. Without such diffusion, artificial intelligence risks

becoming a source of organisational fragility rather than a foundation for collective capability.

These opportunities coexist with legitimate concerns about how artificial intelligence re-

shapes power, responsibility, and judgement within complex systems. Much of the risk arises

not from technical malfunction, but from misalignment between automated tools and the insti-

tutional and social environments in which they operate. Evidence across sectors suggests that

when AI systems are deployed without sufficient attention to human expertise and governance

safeguards, they can amplify error, obscure accountability, and reinforce brittle decision struc-

tures rather than strengthen resilience.[ 107] Industry commentary likewise notes that tensions

between commercial incentives and safety-oriented governance can shape risk exposure inde-

pendently of technical capability.[ 121] These risks are real but neither uniform nor inevitable.

They depend on design choices, incentive structures, and the extent to which human judge-

ment remains central to oversight. Understanding them requires separating speculative fears

from empirically grounded risks and distinguishing what artificial intelligence might do in

theory from how it behaves in practice when embedded in human systems.

In engineering and industrial systems, artificial intelligence increasingly functions as a con-

nective layer, integrating data streams, human expertise, and automated control into adap-

tive architectures. It is reshaping engineering practice itself by accelerating design cycles,

enhancing decision support, and shifting professional roles toward higher-order interpretation,

oversight, and systems integration.[ 39] Far from marginalising engineers, intelligent systems

elevate the importance of human responsibility in setting constraints, interpreting outcomes,

and managing ethical and safety trade-offs in complex operational environments.

Few sectors face implications as far-reaching as those confronting the mining industry.[ 144]

Artificial intelligence and machine-learning applications span the mining life cycle, from ex-

ploration and resource modelling to production, processing, logistics, and closure. Pattern-

recognition tools improve geological targeting, while autonomous systems optimise drilling,

blasting, hauling, and processing in real time. Predictive maintenance reduces costs and

downtime, and digital twins and sensor networks enhance operational visibility, safety, and

environmental monitoring. These developments position AI not merely as an efficiency tool,

but as a coordinating intelligence within increasingly complex mining systems.

53



International Copper Study Group

Artificial Intelligence: Risks in Perspective

Public debate around artificial intelligence is often shaped by extreme scenarios, including fears that
advanced systems could escape human control or pose existential threats. Such anxieties are em-
bedded in mainstream discourse, even when they draw heavily on cultural narratives inherited from
science fiction.[ 161] In 2023, these concerns entered policy debate when prominent AI researchers
and technology leaders argued that mitigating AI-related extinction risk should be treated alongside
pandemics and nuclear war, signalling the seriousness with which worst-case scenarios are regarded
within parts of the research and governance community.[ 164]

At the same time, a parallel debate has emerged between economists and technologists over AI’s
likely economic impact. Some view artificial intelligence as a potentially transformative general-
purpose technology capable of dramatically accelerating growth, or even triggering a technological
singularity associated with either an end to material scarcity or catastrophic collapse. Others argue
that its impact may prove more incremental, raising productivity modestly while leaving long-run
growth trends broadly intact. Recent modelling exercises illustrate this spectrum, ranging from
slight increases in trend growth to highly speculative upside and downside scenarios.[ 169]

More systematic assessment suggests that extreme outcomes, while not theoretically impossible,
remain deeply uncertain and widely contested.[ 166] Human adaptability, geographic dispersion and
institutional redundancy provide substantial buffers against total collapse, even under severe tech-
nological stress. The more immediate and credible concern lies not in autonomous machine agency,
but in how AI interacts with existing economic and political systems. By compressing decision
cycles, widening the reach of information flows and scaling capabilities across domains, artificial
intelligence can amplify existing vulnerabilities in areas such as financial markets, cyber security,
strategic deterrence and information ecosystems.
Forecasting exercises reinforce this interpretation. Surveys comparing subject-matter experts and
professional superforecasters reveal sharp disagreement over the probability of AI-driven catastrophe
or extraordinary growth.[ 15] The divergence appears to reflect differing expectations about institu-
tional response, regulatory adaptation and complementary investment rather than disagreement
over technological progress itself. Historical experience with previous general-purpose technologies
suggests that productivity gains depend critically on organisational redesign, skill formation and
governance frameworks, and often materialise more slowly than initial enthusiasm implies.
Artificial intelligence therefore constitutes neither an inevitable salvation nor an imminent extinction
event, but an evolving landscape of risk and opportunity shaped by human choices. Outcomes
depend less on abstract measures of machine intelligence than on governance, accountability and
institutional capacity. Strengthening oversight, aligning incentives and investing in complementary
capabilities are more likely to shape durable outcomes than attempts to regulate speculative futures
in isolation.[ 160]
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What ultimately distinguishes the current technological phase
is not the abstraction of intelligence, but its material and insti-
tutional entanglement. Artificial intelligence operates within
physical infrastructures, regulatory environments, and resource
systems that define both its trajectory and its limits. Its diffusion
therefore reflects the quality of governance, capital allocation, and
industrial coordination asmuch as algorithmic sophistication. In
sectors where physical constraints, environmental exposure, and
long investment cycles intersect, the consequences of digital adop-
tion become especially tangible. In these settings, the balance be-
tween efficiency, resilience, and legitimacy is most visibly tested.

The economic significance of this shift is substantial. The convergence of artificial intel-

ligence, data analytics, and connected technologies could generate tens of billions of dollars

annually for the global mining sector, chiefly through operational optimisation, predictive

maintenance, and improved decision-making across value chains.[ 176] Yet macroeconomic as-

sessments caution that productivity gains will likely emerge unevenly across sectors and re-

gions, shaped by capital cycles, labour reallocation, and institutional capacity as much as

by algorithmic performance. AI’s relevance to mining is therefore no longer peripheral, but

embedded in broader economic adjustment processes that will unfold over time.

Yet the effectiveness of AI in mining depends less on full automation than on the quality

of human–machine collaboration. The most effective applications are not those that seek to

remove people from decision-making, but those that help teams manage inherent variability,

anticipate disruptions earlier, and stabilise performance across large, interconnected systems

operating continuously and at scale. In these settings, AI functions as an interpretive and pre-

dictive layer, synthesising live and historical data to surface patterns, test operational scenar-

ios, and highlight emerging risks before they materialise. Hybrid decision-making models, in

which human expertise and algorithmic insight reinforce one another, outperform approaches

that rely exclusively on either, because they combine computational speed with contextual

judgement and accountability. This shift has accelerated the move toward remote operations,

supervisory control, and human-centred system design, reducing exposure to physical hazards

while preserving responsibility for critical decisions. Mining, long defined by physical risk

and geographic isolation, is thus evolving into a proving ground for collaborative intelligence,

where value is created not through autonomous substitution, but through earlier insight, stead-

ier performance, and more informed human intervention.
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This transition carries profound workforce implications. Automation and artificial intelli-

gence tend to reshape entry-level roles first, altering traditional pathways into employment

and raising barriers for local and Indigenous communities historically integrated through ex-

periential learning. At the same time, labour markets adapt through overlapping processes

of job loss, job creation, and job transformation rather than linear displacement. The cen-

tral challenge is therefore not technological change per se, but the speed and inclusiveness

of adjustment. Without anticipatory reskilling, redesigned career pathways, and institutional

support that helps workers learn where and how to apply new tools effectively, technological

change risks eroding social inclusion and social licence rather than expanding opportunity.[ 65]

Adoption across the mining sector remains fragmented. Enthusiasm for AI’s potential to

improve safety, productivity and sustainability coexists with persistent constraints related

to cost, legacy systems, digital infrastructure, workforce readiness and organisational inertia.

Operational complexity, rather than technological availability, increasingly shapes outcomes.

Declining ore grades, deeper and more variable orebodies, ageing assets, regulatory delays and

infrastructure bottlenecks combine to erode predictability and investor confidence, even as

demand for minerals accelerates. In this environment, digital tools and artificial intelligence

deliver meaningful leverage only when embedded within integrated operating models rather

than deployed as isolated solutions.[ 10,147]

Persistent structural constraints reinforce the conclusion that technological maturity alone

does not guarantee transformation. Fragmented digital initiatives often fail to deliver sustained

returns when they are insufficiently aligned with business priorities, data governance, and

execution discipline. Artificial intelligence can amplify value creation by improving planning

accuracy, asset reliability, and decision support, but only when embedded within coherent

end-to-end systems that connect geology, operations, maintenance, supply chains, and people.

Absent such integration, AI risks intensifying complexity rather than resolving it.

AI adoption in minerals engineering has expanded rapidly, but unevenly, across regions,

disciplines, and stages of the mining value chain. Concentration of expertise, persistent

data asymmetries, and limited interdisciplinary integration remain structural bottlenecks that

shape who benefits from AI-enabled systems and who remains excluded.[ 172] Addressing these

gaps requires long-term investment in institutional capacity, data governance, and human

capital rather than isolated technological interventions.

Over the long term, competitiveness in mining will be shaped as much by legitimacy as by

efficiency. System integration, circularity, and sustainability are becoming defining elements

of strategic resilience. As operational complexity rises and margins tighten, access to capital,

regulatory approvals, and project continuity increasingly depend on trust, transparency, and

social acceptance. Environmental stewardship, workforce engagement, and community rela-

tionships are no longer peripheral considerations, but central determinants of long-term value

creation.
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Such pressures are compounded by the physical and resource constraints embedded within

artificial intelligence itself. Although often discussed in abstract or digital terms, AI depends

on energy-intensive data centres, cooling systems and expanding computational infrastructure,

all of which require substantial water, power and mineral inputs. Water consumption associ-

ated with AI workloads is emerging as a material constraint, particularly in regions already

exposed to water stress, while also creating incentives to accelerate efficiency, reuse and more

transparent water governance across digital and industrial systems.[ 137]

Within this landscape, copper occupies a distinctive strategic position. It is not merely

one input among many, but a foundational material for electrification, digital connectivity,

and the physical infrastructure that underpins artificial intelligence itself. Power grids, re-

newable energy systems, electric mobility, data centres, defence technologies, and increasingly

automated industrial processes all depend on copper-intensive architectures whose demand is

difficult to substitute or defer. As digitalisation, electrification, and automation advance in

parallel, copper demand is shaped less by any single policy agenda than by the cumulative

expansion of interconnected systems. This makes the expansion of AI and the broader energy

transition inseparable from the performance, resilience, and legitimacy of the copper supply

chain.

Rising strategic interest in copper assets, including renewed consolidation within the mining

sector, reflects recognition of these structural dynamics and the growing scarcity of high-

quality, long-life resources. Such consolidation can strengthen balance sheets and improve

access to capital, potentially supporting the development and expansion of complex assets.

Yet it does not, by itself, resolve the underlying physical and institutional constraints that

govern supply, including geology, declining ore grades, long development timelines, permitting

complexity, and processing bottlenecks. Copper mining therefore sits at the forefront of the

tension between structurally rising material demand and tightening environmental, social, and

regulatory constraints. Artificial intelligence assumes a dual role: it is both a contributor to

demand growth and a critical instrument for managing the geological complexity, operational

variability, and execution risks that increasingly define copper production. The sector thus

emerges as a practical testing ground for whether intelligent systems can help reconcile scale,

efficiency, and accountability in ways that sustain a credible transition, rather than simply

accelerating extraction under mounting constraints.

Clean energy systems and digital technologies are significantly more material-intensive than

fossil-based systems. Electric mobility, renewable power generation, grid expansion, and data

infrastructure require several times more mineral inputs per unit of capacity. As decarbon-

isation and digitalisation accelerate in parallel, the global mining footprint, including waste

rock, tailings, water use, and land disturbance, is therefore expected to expand rather than

contract.

A structural tension therefore emerges at the core of the energy and digital transitions.
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Artificial intelligence is often portrayed as an efficiency-enhancing solution to environmental

challenges, yet its expansion rests on extractive systems that are spatially concentrated, envi-

ronmentally disruptive, and increasingly constrained by biodiversity loss, water scarcity, and

land-use competition.[ 33,155]

The strategic challenge for mining companies is therefore not merely to deploy artificial

intelligence, but to embed it within credible decarbonisation, waste-management, and nature-

positive pathways. Forward-looking frameworks emphasise that future competitiveness will

depend on the ability to align autonomy, scale, and digital sophistication with accountability,

security, and public trust.[ 142] Artificial intelligence can enhance efficiency and monitoring, but

it cannot substitute for fundamental decisions about process design, energy sourcing, tailings

management, workforce development, and long-term asset planning.

Support for sustainability in mining emerges only when digital systems are guided by ro-

bust governance frameworks that integrate environmental, social, economic and technological

considerations.[ 43,57,90] Sustainability is not an automatic consequence of digitalisation. It must

be deliberately shaped through ethical principles, institutional oversight, transparency and

continuous evaluation across the full life cycle of both technologies and assets.

Ultimately, the value of artificial intelligence in mining will not be measured solely by

productivity gains or cost reductions, but by its contribution to safety, transparency, and

sustainability in a balanced and credible manner.[ 84] Intelligent systems can make mining

cleaner, safer, and more resilient, provided their design and application remain anchored in

human judgement, institutional governance, and collective benefit.

The decisive frontier for artificial intelligence therefore lies not in what machines can do,

but in how societies and industries choose to integrate them into economic systems, regulatory

frameworks, and shared notions of responsibility. If aligned with ethical governance and long-

term sustainability, AI can evolve from a tool of optimisation into a catalyst for inclusive and

durable progress. Otherwise, it risks becoming another accelerant of imbalance in a world

already under strain.
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