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Abstract.  Mining is crucial to various industries, including construction, steel production, and 
agriculture.  The  demand  for  raw  materials  is  increasing  due  to  the  growth  in  computer  
manufacturing, metals, cosmetics, and energy transition. Innovation is essential in mining, and 
this  work  reviews  the  application  of  AI  to  enhance  mining  activities.  AI  can  help  address 
environmental  and  geotechnical  challenges,  making  mining  more  efficient  by  reducing 
processes and costs. AI encompasses systems capable of tasks requiring human intelligence, 
such as reasoning, learning, perception, and natural language interaction. Machine learning and 
natural  language  processing  are  key  areas  within  AI,  contributing  to  more  intelligent  and 
interactive  systems.  In  this  context,  this  work  aims  to  review  the  application  of  Artificial  
Intelligence to enhance mining activities.  There is  no doubt that AI  is  a  powerful  problem-
solving tool, and it would be no different for mining. Various AI applications in mining include  
computer  vision  for  limestone  quality  assessment  and  truck  movement  data  analysis  for 
optimal routing. These innovations highlight the need for reliable databases to support robust 
AI  applications.  A  significant  challenge  is  creating  reliable  databases  to  ensure  robust  AI 
application results. Advances in AI are driven by robust infrastructure, scientific contributions,  
and  technological  developments.  Therefore,  it  is  imperative  to  focus  on  creating  reliable 
databases to ensure the robustness of AI applications in mining. This review aims to provide a  
comprehensive overview of the various tools, topics, and available databases related to AI in 
mining.
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1. Introduction
Mining  is  integral  to  various  industries,  from 
construction using crushed rock and cement to steel 
production  from  iron  ore,  and  agriculture  using 
fertilizers from phosphorus,  potassium, and sulfur 
mines. And it is expanding due to rising demand for 
raw materials  in  computer manufacturing,  metals, 
cosmetics, and energy transition [1].

In  Brazil,  Mining  has  been  present  since  colonial 
times.  It  was  characterized  in  the  17th  and  18th 
centuries by the exploitation of gold and diamonds, 
accounting for about 50% of the world's production 
and contributing significantly to the wealth of  the 
Portuguese crown. [2].

This  economically  important  activity  has  led  to 
severe  environmental  and  cultural  disasters  in 
Brazil.  The recent examples were the rupture of a 
dams associated with mining activities in Mariana 
and Brumadinho, Minas Gerais, in 2015 and 2019, 
respectively.  [3].  It  raises environmental  and local 
community concerns [4] [5] [6]. 

An  activity  as  ancient  and  challenging  as  mining 
needs to  focus on innovation.  In  this  context,  this 
work  aims  to  review  the  application  of  Artificial 
Intelligence to enhance mining activities. Therefore, 
a  literature  review on the  application  of  machine 
learning tools for data analysis enhancement will be 
conducted, without the intention of exhausting the 
topics  of  mining,  environment,  and  artificial 
intelligence.

2. Literature Review
2.1 Mining and environmental aspects
Currently,  more  than  6,000  types  of  minerals  are 
known  [7],  some  of  which  are  chemical  elements 
found  in  their  native  state,  such  as  gold,  silver, 
aluminum,  sulfur,  and  diamond,  while  others  are 
compounds, such as barite (BaSO4) and phosphate 
(P2O5). A mineral is defined as any inorganic body 
with a defined chemical  composition and physical 
properties  found  in  the  Earth's  crust.  A  rock 



composed  of  a  mineral  that  has  applications  in 
human  activities  is  called  an  ore.  In  a  mine,  the 
extraction of ore is called mining. The fraction that 
does  not  contain  a  usable  concentration  of  these 
ores is called waste and is deposited in waste piles 
[2].

The mined ore is not in a condition to be used as it is 
extracted from the mine and therefore needs to be 
processed,  a  process  known  as  beneficiation  or 
mineral processing. In this stage, the mineral goods 
from  the  mine  are  modified  to  change  their 
granulometry  and  concentration  without  altering 
their  chemical  or  physical  properties.  For 
concentration,  the  physical  liberation  of  the 
minerals  is  necessary,  which  occurs  through  size 
reduction  by  crushing  and/or  grinding. 
Concentration  occurs  through  the  selective 
separation  of  minerals  based  on  differences  in 
properties  such  as  density,  magnetism,  electrical 
conductivity,  surface  chemistry  properties,  color, 
and radioactivity [1].

The fraction that  has  no economic interest  and is 
separated  during  concentration  is  called  tailings. 
Concentration operations are commonly carried out 
wet,  and therefore the most used tailings disposal 
alternative is tailings dams [1].

Mining  generates  a  series  of  impacts  on  the 
environment  and  communities.  Therefore,  it  is 
essential for mining enterprises to adopt integrated 
strategies for the rational use of natural resources, 
combined  with  best  environmental  practices  [8], 
and  the  artificial  intelligence  can  help  on  this 
challenge.

2.2 Mining and Artificial Intelligence
Currently,  it  is  no  longer  possible  to  imagine 
mathematics or engineering without computational 
resources,  and  the  use  of  mathematical  models 
applied  to  environmental  issues  is  common. 
Mathematical models are a representation of reality 
through  a  simplified  and  generalized  translation. 
Thus,  mathematical  modeling  applied  to 
environmental  issues  has  its  limitations  in 
representing  the  full  complexity  of  multiple 
interactions, many of which are not measurable [9].

Significant  advances  in  the  field  of  AI  have  been 
driven by several fundamental factors. Among them, 
the existence of robust infrastructure that facilitates 
the  collection,  storage,  processing,  and 
dissemination  of  extensive  data  sets  stands  out. 
Additionally,  scientific  contributions  and 
technological  developments in multiple disciplines 
have played a crucial role in this progress [10].

AI  is  a  branch  of  computer  science  dedicated  to 
developing  systems  capable  of  performing  tasks 
that  typically  require  human  intelligence.  This 
includes  abilities  such  as  reasoning,  learning, 
perception,  and  natural  language  interaction. 

Machine learning, a subcategory of AI, refers to the 
method  by  which  computers  use  algorithms  to 
analyze data, learn from it, and make predictions or 
decisions without being explicitly programmed for 
each task. Natural language, in turn, is how humans 
communicate with each other, and natural language 
processing (NLP) is an area of AI that focuses on the 
ability  of  machines to  understand and respond to 
human  language  in  a  natural  and  intuitive  way. 
Together, these fields are at the forefront of creating 
more intelligent and interactive systems [11].

Various  applications  of  AI  in  mining  have  been 
identified for different topics and objectives, which 
will be discussed below. The aim is not to exhaust 
all  possible  applications  but  to  provide  a  broad 
overview  of  different  tools,  topics,  and  available 
databases.

Using  computer  vision  technology  in  mining,  [12] 
analyzed limestone directly on the conveyor belts of 
a  mine  in  Sweden  to  estimate  particle  size 
distribution  as  an  alternative  to  weight-based 
sample  analysis.  Despite  the  challenges  in 
implementing  computer  vision  technology,  this 
alternative  proved  interesting,  particularly  in 
reducing  the  time  required  to  obtain  reliable 
information from images analyzed by the computer 
compared to  sample  analysis,  which is  crucial  for 
decision-making.

Seeking  to  evaluate  production  performance,  [13] 
applied  an  unsupervised  intelligence  system  to 
predict  the performance of  the ore transportation 
system by trucks in a small open-pit limestone mine 
located  in  South  Korea.  The  study  was  justified 
because the use of technologies is common in large 
mining operations but  has  also advanced in small 
mining  operations,  aiming  for  environmentally 
suitable projects with high efficiency, low cost, and a 
focus  on  work  safety,  targeting  zero  accidents.  In 
this study, a heuristic combination associated with a 
support vector machine (SVM) was used. Different 
kernel  functions  were  investigated  using  the 
proposed model, including radial basis, polynomial, 
and  linear  functions.  Random  Forest  (RF)  models 
and  backpropagation  neural  networks  were  also 
developed and compared with the proposed model. 
The results  demonstrated that  the  chosen models 
are  potential  candidates  for  application,  i.e.,  for 
predicting  ore  production  based  on  truck 
transportation system data.

To increase production efficiency in a copper mine 
located in Latin America, artificial intelligence was 
applied  to  establish  production  plans  and 
transportation routes based on images of the mine. 
The  images  were  used  to  assess  the  current 
transportation  conditions  and  terrain  safety.  The 
data  obtained  from  the  images  were  simulated, 
generating  important  information  to  evaluate  the 
mine's  performance,  such  as  transportation  time, 
fuel  consumption,  and  the  amount  of  material 



transported. From the simulations, the main factors 
negatively  impacting  the  evaluated  characteristics 
were identified. The analysis allows decisions to be 
made  to  improve  the  mine's  conditions,  thereby 
more effectively addressing important performance 
issues mentioned [14].

With  the  application  focused  on  safety  issues  in 
mining,  machine  learning  methods,  specifically  an 
adaptive neuro-fuzzy method, were used for slope 
stability analysis in mines located in southern China. 
The  studied  mines  experienced  landslide  events 
causing economic losses to the enterprises. For the 
study,  field  surveys  were  conducted  from  July  to 
September  2017,  identifying  the  following  slope 
characteristics: height, inclination, potential sliding 
angle, cohesion, internal friction angle, rock density, 
and  the  study  concluded  that,  compared  to  other 
stability  analysis  methods,  the  proposed  method 
showed the best prediction results during training 
and testing when compared with existing references 
[15].

Another  study  aiming  to  evaluate  mining  activity 
and  its  interference  with  the  surroundings  was 
conducted  by  [16].  In  this  study,  three  artificial 
intelligence  models  were  used  to  predict  the 
intensity of ground vibration generated by blasting 
in mines, based on vibration measurements around 
a coal mine located in northern Vietnam during 216 
blasts.  Models  based  on  metaheuristic  algorithms 
and optimized machine learning models were used, 
with  80%  of  the  data  used  for  training  and  20% 
used for accuracy testing. The results showed that 
the  models  demonstrated  high  reliability  in 
predicting vibration due to blasting activity.

Specifically, regarding management, [17] evaluated 
the  application  of  artificial  intelligence  developed 
for financial management to predict impacts on the 
management of mineral resources. Annual economic 
data  series  from mining enterprises  in  the United 
States between 1980 and 2020 were evaluated. For 
data  analysis,  an  economic  model  was  structured 
correlating  variables  such  as:  mineral  resource 
income,  financial  management  represented  by 
artificial  intelligence  measured  through  patent 
applications, taxes and subsidies, energy costs, and 
trade information (sum of  exports and imports of 
goods  and  services  measured  as  a  share  of  gross 
domestic  product).  Time  series  tests  were 
conducted  to  evaluate  stationarity,  assess  the 
presence  of  non-linearity  in  the  variables,  and  a 
non-linear  model  was  used  to  describe  the 
asymmetric  relationship  between  the  variables 
under analysis. The study concluded that AI-based 
financial management is a tool capable of fostering 
efficiency and mitigating the inherent challenges of 
poor management in the mineral resources market.

[18]  used  multiple  time  series  monitoring  in  a 
prediction model  to  estimate response changes in 
tailings dam operations.  For this,  a sensor map in 

the tailings dam monitoring system was created to 
describe  the  data  in  a  multipoint  arrangement. 
Then, a graph-structured neural network was used 
to  capture  the  complex  spatial  dependencies 
present  in  the  sensor  location  map  to  obtain  the 
overall  safety  level  of  the  tailings  dam.  Spatial 
features  at  different  time  points  were  extracted, 
integrated into the time series, and inserted into a 
recurrent  unit  to  capture  the  spatiotemporal 
correlation between the time series from different 
monitoring locations.  Finally,  a  temporal  attention 
mechanism  was  incorporated  to  predict  the  dam 
monitoring data. Thus, not only were the point data 
considered,  but  also  their  spatial  correlation,  and 
the  main  parameters  found  were  precipitation, 
beach  length,  reservoir  level,  infiltration  line, 
surface displacement, and displacement. The results 
were compared with traditional time series models 
and  SVM  models  to  validate  their  accuracy  and 
generalization,  demonstrating  that  the  model  has 
significant  relevance in  improving risk  prevention 
and control in tailings dams. This study showed how 
the application of artificial intelligence can enhance 
the  precise  and  rapid  prediction  of  monitoring 
parameters, which is fundamental for tailings dam 
safety management.

A study investigated the relationship between dam 
failures  and associated risk  factors  using artificial 
neural  network  models,  where  a  statistical 
approach is taken to model fitting so that the model 
parameters  are  obtained  associated  with  their 
probability distribution (Bayesian networks). In this 
study,  variable  selection  was  performed and then 
used for risk analysis of dams located in the United 
States based on information from incidents of 760 
dams that  occurred between 1874 and 2020,  and 
their investigations conducted by the Association of 
State  Dam  Safety  Officials.  It  was  found  that  it  is 
possible  to  clearly  describe  the  relationship 
between dam failure and 12 risk factors through an 
influence  strength  analysis.  Based  on  sensitivity 
analysis, the three main risk factors identified are: 
insufficient spillway capacity, extreme flooding, and 
slope  instability,  which  can  serve  as  crucial 
references to guide dam safety maintenance [19].

Seeking to analyze the environmental quality of soil 
post-collapse,  [20]  used  images  to  evaluate  the 
impacted  area  after  the  Fundã o  dam  accident  in 
2016.  The  integration  of  sensing  technologies, 
including  artificial  intelligence,  can  represent  a 
significant advancement in this context, enabling a 
more  comprehensive  and  efficient  analysis  of 
collected  data.  The  study  proposed  the  use  of 
portable  X-ray  fluorescence  spectrometry, 
combined  with  a  small-sized  color  sensor  and  a 
bench magnetic susceptibility meter, with the aim of 
producing  a  substantial  volume  of  data  for 
characterizing  locations  affected  by  iron-rich 
tailings, differentiating between impacted and non-
impacted  areas  (soils  and  sediments),  and 
predicting  attributes  relevant  to  agronomic  and 



environmental  areas.  For  this  purpose,  148  soil 
samples  were  collected  in  areas  classified  as 
impacted,  partially  impacted,  and  non-impacted 
(natural  soils).  The  data  obtained  were  used  to 
predict  agronomic  soil  properties  and  estimate 
semi-total  concentrations  of  potentially  toxic 
elements. The samples were divided into sets, with 
70% used for training and 30% for validation. The 
results  indicated  that  portable  X-ray  fluorescence 
spectrometry proved to be an efficient method for 
rapid characterization, enabling clear differentiation 
between  impacted  and  non-impacted  areas. 
Additionally, the predictions demonstrated accuracy 
in  estimating important  agronomic soil  properties 
and  semi-total  concentrations  of  potentially  toxic 
elements, based on reduced root mean square error 
(RMSE)  values  and  high  coefficients  of 
determination (R²) and performance ratios (RPD).

[21]  applied  artificial  intelligence  to  analyze 
historical  information  to  evaluate  the  influences 
leading to the closure of coal mines in Germany and 
the United Kingdom. In Germany, it was found that 
the decision to close a mine, rather than seeking its 
growth  through  external  means,  was  a  frequent 
choice.  Although the proximity of  the depletion of 
natural  resources  had  some  influence  on  closure 
decisions,  cost  pressure  emerged  as  the  main 
guiding  principle.  In  the  United  Kingdom,  the 
pursuit of mechanization of the extraction process 
in  the  1960s  resulted  in  a  long-term  increase  in 
labor productivity for all mines and, consequently, a 
faster depletion of reserves. Additionally, it was also 
identified that mine closures were often related to 
restructuring events,  although mine mergers were 
not  very  common.  Mergers  allowed  a  mine  to 
instantly increase its size but required the operation 
of  at  least  two  adjacent  mines.  Therefore, 
restructuring  at  the  company  level  facilitated  the 
mine  merger  strategy  as  a  viable  alternative  to 
avoid closure.  This  is  relevant  to  the field for  the 
application  of  artificial  intelligence  to  support 
decisions,  as  it  suggests  that  consolidation 
strategies  can  be  considered  in  companies  facing 
similar growth and survival challenges.

[22] proposed an innovative approach to applying 
artificial intelligence in the context of post-closure 
strategies for open-pit  mining operations,  with an 
emphasis  on  sustainability.  Mine  closure  is  a 
complex  issue,  and  decisions  are  influenced  by 
various  parameters  (social,  economic,  and 
environmental),  with  a  considerable  degree  of 
uncertainty, especially as they tend to change over 
time.  The  developed  framework  uses  evidential 
reasoning and fuzzy cognitive mapping to evaluate 
these strategies in an environment characterized by 
inherent  complexity  and  uncertainties.  This 
research  introduces  two  significant  contributions: 
the  integration  of  weight  results  obtained  from 
fuzzy cognitive maps into the evidential reasoning 
process  and the  consideration  of  a  wide  range  of 
criteria  and  recovery  strategies  aimed  at  mining 

sustainability. Among the strategies considered, the 
use  of  artificial  intelligence  techniques  to  analyze 
the  feasibility  of  using  tailings,  waste  rocks,  and 
demolition  materials  as  filling  materials  to 
rehabilitate  excavations  and  reduce  the 
environmental  impacts  associated  with  mining 
waste  management  was  emphasized.  The  criteria 
were applied to a large-scale metallic mineral mine. 
The post-closure strategy that predominantly used 
beneficiation  tailings  as  filling  material  was 
identified as the most appropriate, resulting in the 
elimination  of  costs  associated  with  the 
transportation and supply of  materials,  as  well  as 
reducing  adverse  environmental  impacts  and 
complaints from the local community.

3. Discussion
There is  no doubt  that  AI  is  a  powerful  problem-
solving tool, and it would be no different for mining, 
as  it  can  be  seen  summarized  on  Tab.  1.  The 
technology  has  enabled  the  storage  of  a  large 
volume of data, and only with computational tools 
will we be able to analyze this volume of data for 
decision-making,  whether  for  environmental 
benefits,  technical  geotechnical  decisions,  cost 
reduction, or economic decisions.

Tab. 1 - Summary table of studies on AI applications in 
mining.

Subject IA applied Benefits Study

Product 
quality

Computer 
vision

Costs 
reduction 
and  process 
simplification

[12]

Performance
Heuristic 
combination 
+ SVM + RF

Costs 
reduction

[13]

Performance
Computer 
vision

Costs 
reduction

[14]

Geotechnical 
stability

Fuzzy Safety [15]

Environmenta
l impact

Machine 
learning

Impact 
assessment

[16]

Financial 
management

Machine 
learning

Efficiency [17]

Geotechnical 
stability

Neural 
network

Safety [18]

Geotechnical 
stability

Neural 
network

Safety [19]

Environmenta
l impact

Computer 
vision

Impact 
assessment

[20]

Mining closure
Bayesian 
estimations

Economical 
decisions

[21]

Mining closure Fuzzy
Sustainability 
analysis

[22]

An  important  point  of  discussion  is  about  these 
databases, which are not always reliable, and in this 



sense,  it  is  imperative  that  machine  learning 
algorithms exhibit proficiency in handling data that 
is not intact. Frequently, datasets are plagued by a 
variety  of  complications,  such  as  distortions, 
inconsistencies,  omissions,  and  duplications. 
Machine learning algorithms should ideally manifest 
robustness  in  the  face  of  these  adversities, 
minimizing their adverse influence on the inductive 
process. However, the severity of these issues can, 
depending  on  their  magnitude,  impair  or  even 
preclude  the  possibility  of  learning.  Data 
preprocessing methods are therefore indispensable, 
enabling the identification and reduction, or under 
favorable  circumstances,  the  elimination  of  these 
difficulties. This reinforces that AI is a powerful tool 
when applied with a critical sense.

4. Conclusion and final remarks
It was possible to verify a wide application of AI for 
different  mining  challenges,  from  the  use  of 
computer vision to identify the quality of limestone 
directly from conveyor belts  without the need for 
laboratory  analysis,  to  the  analysis  of  truck 
movement  data  to  identify  the  best  routes, 
demonstrating  how  technological  innovation  will 
make mining activities more efficient, with reduced 
processes and costs. In addition to studies focused 
on  environmental  challenges  and  geotechnical 
safety,  topics  that  are  increasingly  relevant  for 
mining  activities  that  are  becoming  larger  and 
larger.

The great challenge will be to compose sufficiently 
reliable  databases  so  that  the  results  of  AI 
applications are increasingly robust, and the studies 
developed and under development demonstrate this 
need.
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