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Abstract

The use of Artificial Intelligence (Al) in the competitive mining market has attracted increasing interest in recent
years, as these technologies play a significant role in data interpretation, modernization of production processes, and
efficient use of mineral reserves. Among the various Al approaches, Generative Artificial Intelligence (Gen-Al) stands
out as one of the most promising and disruptive. This paper aims to present a virtual assistant application based on
Gen-Al, capable of providing answers to user questions using natural language about operational aspects, based on
several data sources to assist in decision-making that influences the performance of iron ore concentration. The assistant
considers information security infrastructure, uses language models (LLMs) and Retrieval-Augmented Generation (RAG)
techniques to access plant databases and documents, while a multi-agent flow centralizes application information with

production data, historical data, and technical documentation.

Keywords: Generative artificial intelligence; Iron ore; Concentration.

1 Introduction

Like other industrial segments, the mining sector
is constantly transforming, using and investing in
Artificial Intelligence (Al) applied to business to drive
efficiency and maximize value [1]. Al aims to create
intelligent entities capable of learning and performing
tasks that typically require human intelligence in devices
or computerized systems capable of acquiring knowledge
to perform tasks [2].

The accelerated development of Al is due to the
growing need for technologies capable of processing large
volumes of data, as well as learning and adapting to changing
demands. Al methodologies are commonly classified into
two main categories: reasoning and decision-making; and
learning. The former involves decision-making, problem-
solving, and optimization, while the latter addresses learning,
communication, and perception [3].

Among learning techniques, Generative Artificial
Intelligence (Gen-Al) stands out. It is an intelligent design
method that boasts powerful data learning, efficient new
generation capabilities, and has been continuously developing
and advancing in recent years [4]. The rapid advancement
of Al-related technologies is evident in innovations such
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as ChatGPT, Gemini, and Copilot. Gen-Al models seek to
understand and replicate the patterns inherent in a dataset,
facilitating the creation of new content that closely mirrors
the original data distribution [5].

In this context, the objective of this research is to
develop a conversational chat-based web application that
uses Gen-Al to answer questions related to the operational
aspects of the iron ore concentration production process,
initially considering the unit stages of mineral processing.
Thus, the integration of queries regarding mine variables,
feed quality, process variable stability, and unit stages can
contribute to reducing response times for deviations that
impact quality and metallurgical recovery.

Thus, a Gen-Al-based Virtual Assistant was developed,
considering in its technical structure the sources of
information, data collection, architecture, question mapping,
and how it interacts with users and other systems within
the mining company’s application ecosystem. The AVM is
capable of providing answers to user questions using natural
language about operational aspects, based on various data
sources, to aid in decision-making that influences iron ore
concentration performance.
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To implement the tool under study in this proposed
work, an iron ore concentration plant was selected to develop
the application. Located in Minas Gerais, it produces ore
with an iron content between 42% and 45%. Processing at
the plant involves comminution to reduce the ore to 8.0 mm,
concentration of the -8.0 mm + 1.0 mm fraction by jigging,
producing coarse sinter feed, magnetic concentration of
the -1.0 mm + 0.15 mm fraction, producing fine sinter feed,
and concentration of the -0.15 mm fraction by flotation,
producing pellet feed. The plant’s tailings are preferably
filtered through disc filters and sent for stacking in the tailings
disposal pile. A simplified flowchart of the concentration
plant is illustrated in Figure 1.

Therefore, this article aims to utilize a Gen-AI-based
virtual assistant in iron ore concentration, focusing on the
operational practices of concentration plants. The Gen-Al
concept is further detailed below.

2 Generative Artificial Intelligence (Gen-Al)

Al is a disruptive technology with great potential to
transform various aspects of society and industry. Among the
ongoing technological advances in Al, Gen-Al has emerged
as a powerful tool in several domains [6]. It enables the use
of algorithms and machine learning to generate innovative
solutions or improve existing processes. Gen-Al is emerging
as a unique subcategory of Al, gaining prominence through
platforms such as ChatGPT, Gemini, Grok, DeepSeek, Copilot,
and others. Thus, Gen-Al represents a striking example of
unsupervised machine learning with enormous potential.

Collaboration between humans and Al-based systems
proves essential to address the challenges and seize the
opportunities afforded by Gen-Al [7]. With the continued
advancement of generative algorithms, research on chatbots
has intensified. Traditionally, these systems relied on Natural
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Language Processing (NLP) to interpret user requests and
match them with the most appropriate responses [8]. However,
modern chatbots have evolved significantly, incorporating
language models and deep learning techniques to provide
immediate responses, expanding their capability to address
NLP challenges during real-time interactions with users.

The evolution of natural language capabilities with
Gen-Al is drastically changing the way businesses operate
and customers consume their products and services. This
interdisciplinary impact highlights the comprehensive nature
of Gen-Al, shaping the technology landscape and fostering
innovation and adaptation across a spectrum of industries,
and mining is no exception.

To apply Al algorithms, obtaining a relevant database
is essential. However, this prerequisite remains an obstacle
and can impact the effectiveness of existing algorithms [9].
Although Gen-Al applications are evolving rapidly, much of
the research still focuses on the end-user perspective, leaving
significant gaps regarding the factors, dynamics, and outcomes
involved in the adoption of Gen-Al by managers and decision-
makers. There are also existing gaps and precautions to be taken
during its implementation in the industry, with cybersecurity
and ethical implications being important to consider.

Therefore, this study stands out for developing
and applying a Gen-Al-based virtual assistant to iron ore
concentration, as follows.

3 Development

This work developed a Gen-Al-based tool called
the Assistente Virtual da Minera¢do (AVM - Mining
Virtual Assistant). Its technical structure encompasses
information sources, data collection, architecture, question
mapping, and interaction with users and other systems
within the mining company’s application ecosystem.
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Figure 1. Summary production flow - Iron Ore Beneficiation.
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The AVM is capable of providing natural language answers
to user questions about operational aspects, based on various
data sources, to assist in decision-making that influences
iron ore concentration performance.

The AVM uses large language models (LLMs)
in a multi-agent flow, which can query Vale’s internal
documents using the Retrieval-Augmented Generation
(RAG) technique and internal data through SQL queries
and access to the mining company’s system data. LLMs
are language models that use neural networks containing
billions of parameters, trained on huge amounts of unlabeled
text data using a self-supervised learning approach [10].

These combined technologies allow the application
to answer user questions using natural language, drawing
on information from various pre-configured data sources.
This generates user-friendly responses in natural language,
based on the data queried.

Initially, four data sources were defined for the AVM:

1. Process Variable Stability Index (DEP);

2. Historical Process Data (PIMS - Plant Information
Management System)

3. Production Indicator Information (MES - Manufacturing
Execution System);

4. Technical Documents: procedures, manuals, and
technical references.

The technical structure of the AVM application is
detailed below.

3.1 Data source

DEP is a system that uses Statistical Process Control
(SPC) to monitor the level of agreement of process variables
within established optimal ranges, focusing on reducing
variability. The variable stability index is calculated by
dividing the hours an asset operated within limits by the
hours actually in operation. This tool uses data calculated by
PIMS, collects data for configured variables, and presents
the information in a Power BI dashboard format to the
end user. The system uses criteria to classify information,
allowing various data groupings, such as: operational unit,
process step and sub-step, among others.

PIMS is a tool that stores the history of general
variables across the entire plant (sensors, actuators) so
they can be consulted later. Furthermore, PIMS allows you
to create calculated tags of interest that use other existing
measured or calculated variables or native functions of the
tool. In general, hundreds of variables with hourly averages
were considered for AVM using the Gen-Al knowledge base.
The format of this consolidation can vary depending on the
nature of each variable. To access PIMS data, a replication
of this data was configured in InfoHub, which is a SQL
database that stores the information for each configured tag
in a consolidated 10-minute period. Thus, AVM accesses
PIMS data from a SQL table with the following columns:
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» Reference Date/Time: date and time of the beginning
of the recording period;

» Tag: identifier of the information to be collected;

e Value: value of the collected variable consolidated
in the recorded period.

Only tags that are of interest to the AVM will be
replicated to InfoHub. In summary, variables can be grouped
according to the following contexts, such as: percentage of
time in a given condition, difference between set point and
process variable, level, current, pH, grade, particle size, rate, etc.

The MES system contains official and up-to-date
information on operational and production indicators. This
system is implemented throughout the ferrous metals chain
and serves as an important data source for the AVM. MES
indicators are represented by codes and are configured by end
users within the tool itself. There are data consolidation processes
for these indicators that allow systems using MES data to have
a simplified and unified interface for collecting indicator data.

Another data source used by the AVM is the unit’s
Technical Reference Documentation. Thus, it is possible to
search preprocessed documents for the information needed to
answer questions related to their content. This functionality
allows users to obtain information more quickly and without
having to read documents, such as procedures, manuals,
technical references, training, and others.

The Figure 2 illustrates some data source, considering
some issue questions related to each source in the AVM.

3.2 Architecture

The technical architecture of the implemented solution
is presented in the simplified flowchart in Figure 3. The
architecture demonstrates the interaction between the different
agents that make up the system, from the user’s question to
the delivery of the final response. The flow is structured into
steps that include input preprocessing, task planning, querying
databases or documents, and finally, processing and formatting
the response. Each agent has a specific role in this process,
ensuring efficiency and accuracy in the response to the user.

The application uses a multi-agent workflow that
utilizes LLM to retrieve relevant information from documents
and operational data and provide contextualized answers. The
infrastructure is hosted on Azure App Services, ensuring scalability
and security. The system uses Azure Al Search as a vector database,
where documents are stored and retrieved to provide data for
answers. Additionally, queries related to operational processes
are performed in Azure SQL Database, enabling integration with
the organization’s data. The agent concept is detailed below.

3.2.1 Agents

The AVM is structured into different agents, each with a
specific function within the application flow. The agents work
in a complementary manner to interpret the user’s question
and plan the necessary actions to obtain the final answer.
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What is the pellet feed split for the What is the flotation froth depth
current month? MES PIMS over the last 8 hours for all cells?

How many downtime events occurred in Performance, Quality and
the wet screening feeders? Equipment Indicators

PISystem Which flotation level control loops have
Process Variable Information the highest control error?

What was the quality of the piles that fed Compare the pressure difference in classification

the plant yesterday? between the lines. Generate the graph.
What are the 10 worst process health DEP Documents What is the concept of Process Health? How do
variables in Brucutu Flotation? BIEntiIeaIth Dashpoard I register a new variable?
(Variables of Unit Operations) Documents, procedures,
I d technical . s s .
What is the process standard in Brucutu?? Process Health 'r":fz:j:"i::in tehce :'r:: What is the function of amine in Flotation?

Process Standard

Figure 2. Data source of Virtual Assistant.
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Figure 3. Simplified agent architecture and data queries.
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e Guardrails Layer: this layer filters both the user’s
questions and the answers generated by the agents;

e Pre-Processing Agent: this layer is where the user’s
question is pre-processed so that subsequent steps
can be assigned;

* Planning and Management Agent: after passing
through the entry guardrails: through the History
Contextualizer, this agent determines the actions
that must be performed to fulfill the user’s request;

» Task Execution Agents: these are the agents that
make up each path defined by the planner and
are responsible for interacting with databases and
documents, performing the necessary queries (RAG,
SQL (DEP and GPVM), PIMS, Correlation Analysis,
and Report Generation);

* Response Agents: this is the final layer where the
searched data will be processed and formatted,
transforming it into the final response sent to the user.

3.3 Reference question mapping

To guide the agents’ learning, approximately 300
questions related to each data source were initially mapped.
To contextualize the agent within the DEP, PIMS, and MES
databases, it was necessary to structure the data according
to process information, such as by process area, sub-area,
equipment, among others, aiming to facilitate the agent’s
consultation to answer. In some cases, the answer involves
consulting different sources.

In addition, several specific details must be inserted
into the code for the agent’s understanding, considering
tag nomenclature, synonyms, and common terms used
by the operational team. For example, if an equipment
tag containing the acronym “SM” is inserted, it must be
specified that it is a Magnetic Separator, which can also
be called a Magnetic Concentrator, Jones or Whims. Some
questions used as reference in the AVM system interface
are illustrated below.

*  What is the Process Health (stability index) per unit
stage today?

* How is the pellet feed split going last week?
*  What is the quality of the batteries fed this month?
*  What is the role of amine in flotation?

e Which flotation valves showed closed saturation
last day?

3.4 User interface

The web interface is how users interact with AVM,
provided they have permission to authenticate, as illustrated
in Figure 4. AVM offers versatility in presenting information
through multiple display formats, adapting to the data type
and context of the query. Responses can be displayed in text
format (explanatory responses in natural language), graphs,
tables, correlation matrices, and predefined reports. Each
response displayed contains the data source and the date of
the last update. The window consists of:

VVALE | AVM - Assistente Virtual de Mineracéo

Chats l

Hoje AVM - Assitente Virtual de Mineragdo | 15/06 - 20:32
Qual a 4 7 i )
qualidad i K& j 0 padréo de processo em Brucutu é 92.902%.

Fonte dos dados:

* DEPRDMINEOT BDSAUDEUSINA FEAZV_HIST_RESP_I_AAENVI

Avalie minha resposta:

Tiago Caixeta | 15/06 - 20:31

Qual o padréo de processo em Brucutu?

r Data da ultima atualizagdo: 2025-06-15

>

O Assistente Virtual de Mineragdo & uma solugdo baseada em 1A Generativa e pode forneces respostas inconsistentes.

Figure 4. Virtual Assistant web interface.
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* Typing bar: a lower field with a chat where the user
enters a question, and the application will perform
a search to display the answer;

» Session bar: a left-hand side panel located to the left
of the main chat interface, responsible for managing
and navigating between different user conversations
with AVM, organized chronologically;

* Response display: a region of the screen for
displaying the agent’s responses, maintaining a
complete chronological record through timestamps
that document the date and time of both the question
and the generated response.

4 Gen Al application results

The AVM web interface was developed for both
computers and tablets, enabling consultation in the office
and in the field by users from various disciplines, such as

AVM - Virtual Mining Assistant | July 13 - 3:09 PM

Operating Unit Stage Data
2025-07-13
Bi 1{ Filte 827
rucutu iltering R

Crushing and 2025-07-13

Brucutu 80.55
Screening 04:00:00
e 2025-07-13
Brucutu Densification 05:00:00 71.95
Brucut Flotati 20350013 827
rucutu otation 08:00:00 &

Figure 5. AVM response for process variable stability index in DEP.

AVM - Virtual Mining Assistant | July 13 - 4:15 PM

Process Health

operations, maintenance, process, engineering, and automation,
among others. The answers can be used to assist in decision-
making that influences plant performance. Some answers
are illustrated in the figures below.

In Figure 5, operations teams can verify that the
process variables of the unit stage of thickening have a worse
process health index, that is, they are operating outside the
specification limits for longer periods.

Figure 6 illustrates a question related to technical
documents to answer what the function of starch is in
flotation; in this case, operational procedures and training
material on flotation and reagents were consulted.

In Figure 7, operations, maintenance, and automation
teams can check which flotation control valves have the highest
percentage of saturated time open or closed, which may result
from some anomaly in the field that impacts process control.

The average behavior of some minerals for a %Si02
cluster can be analyzed as shown in Figure 8. In some cases,
the values of certain contaminants contribute to worsening the
%8102 in the final concentrate. Figure 9 indicates a question
related to the quality of the piles that fed the plant that day.

What is the process health of Brucutu's process steps

Normal Hours Operating Hours '

52.52 63.51
38.35 47.61
54.74 76.09
61.2 74.0

What is the role of starch in flotation?

Starch plays an essential role in the iron ore flotation stage, acting as a selective depressant . Its main function is to modify the surface

— properties of minerals, making iron particles, such as hematite and goethite, more hydrophilic (with a greater affinity for water). This allows for

the selective separation of quariz, which remains hydrophobic and can be floated.

Functions and Mechanisms of Starch in Flotation:

1. Depression of Iron Minerals :
Starch preferentially adsorbs to the surface of iron particles, such as hematite,

ling them from

ic and floating. This

ooccurs because starch acts as a barrier, making these particles immune to the action of the collector (amine), which will be used to float the

quariz.

2. Selective Adsorption :

Starch's selectivity is explained by its chemical affinity for the iron cations present in hematite. The hydroxyl (OH) groups of starch interact with

these cations, while their on quartz is si lower. This dif

3. Starch Gelatinization :

is crucial to the efficiency of the process.

Before use, starch undergoes a gelatinization process, usually carried out with sodium hydroxide (NaOH) in an oxidizing environment. This
process increases its solubility and promotes the formation of COOH- salts, which have a high affinity for hematite particles, improving their

adsorption capacity and effectiveness as a depressant.

4. Selective Separation :

After adding starch, the iron particles remain in the pulp, while the quariz, which is unaffected by the starch, is floated away with greater

selectivity by the action of the amine.

Figure 6. AVM response to explain starch function by consulting technical documents.
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AVM - Assitente Virtual de Mineragdo | 30/05 - 16:52

Linha

L4

L4

L4

L4

L4

Quais 0s tempos de saturacéo das valvulas de controle da linha4 da flotag&o nas Gltimas 24 horas?

Tempo SAT (%) Descrigdo

17.43 %SAT Aberto CF8802
17.71 %SAT Aberto CF8803
0.00 %SAT Fechado CF4804A
0.00 %SAT Fechado CF4804B
6.61 %SAT Fechado CF4805A

Figure 7. AVM response to % saturation time of PIMS flotation control valves.

AVM - Assitente Virtual de Mineragdo | 16/06 - 10:26

codigo_grandeza cluster
AL203 <2
AL203 >=2
CAOD <2
CAO >=2

P <2

P >=2

para %Si02 (silica) < 2 e >= 2%, qual a média de F, Ca0 e AL203 (alumina) dos ultimos 10 dias?

resultado

0.8209

0.8629

0.0134

0.0106

0.0488

0.0449

Figure 8. AVM response to average contaminants as a function of SiO, MES cluster.

AVM - Assitente Virtual de Mineragdo | 13/06 - 15:38

Qualidade ROM

Pilha
BRH250317

Pilha
BRH250317

Pilha
BRH250317

Pilha
BRH250317

Pilha
BRH250317

Data Inicio da Recuperagdo Data Fim da Recuperagiao

2025-06-11 09:00:00

2025-06-11 09:00:00

2025-06-11 09:00:00

2025-06-11 09:00:00

2025-06-11 09:00:00

Var (%)

Massa

A=

8102

AL203

MGO

qual a qualidade das pilhas alimentadas na usina de brucutu hoje?

+8,0 mm

0.08

48.77

24.66

A1

0.009

-8,0 +1,0 mm

0.12

15.04

0.83

0.002

+1,0 mm

0.2

53.46

19.05

0.95

0.005

-1,0 #0,15mm

0.24

33.92

50.42

0.45

0.015

-0,15 mm

99.55

46.28

30.98

1.56

0031

Global

100.2

4473

33.3

1.16

0022

Figure 9. AVM response to the quality of the stockpile (MES) that fed the plant.
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5 Conclusion

Over the past few years, Artificial Intelligence
has evolved from a limited technological resource to a
powerful agent of transformation with profound impacts
on the industry. This study demonstrated that the developed
Gen-Al-based virtual assistant application is capable of
providing answers to user questions using natural language
about operational aspects, based on various data sources, to
assist in decision-making that influences the performance
of iron ore concentration.

By integrating a Gen-Al-based Virtual Assistant
into operations, it is expected that in the short term, it will
not only explain the impact on decision-making but also
act preventively on deviations to promote gains. It is also
expected that explanatory questions about the causes and
variables that influenced the performance of a unit step,
quality loss, or volume loss, can be answered via chat or in
predefined reports, and can be automatically sent passively
to stakeholders in the operational areas, rather than this
proposed solution, which responds based on active questions.
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quality, plant process variables, reliability indicators, and
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