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Resumo

Esta tese baseia-se na integração estratégica de duas tecnologias complementares,

visão computacional e espetroscopia de emissão induzida por laser (LIBS), com o

objetivo de desenvolver um ambiente híbrido de inspeção multimodal orientado para a

deteção automática de contaminantes em materiais sólidos.

A crescente exigência de controlo de qualidade e segurança nas linhas de produção

industriais reforça a necessidade de sistemas de inspeção capazes de identificar, de

forma rápida e fiável, a presença de contaminantes. Contudo, metodologias tradicionais

de monitorização, baseadas exclusivamente numa única tecnologia, revelam limitações

e deixam claro o espaço existente para soluções inovadoras que aliem performance

analítica com escalabilidade industrial.

Partindo dos avanços obtidos por cada tecnologia de forma independente, esta inves-

tigação visa superar as suas limitações intrínsecas quando aplicadas isoladamente,

através da conceção e implementação de uma infraestrutura física e digital que integra

a aquisição, sincronização e processamento de dados visuais e espectrais. O sistema

resultante constitui uma solução robusta, automática e adaptável, capaz de conjugar

características morfológicas com informações composicionais de modo mais completo

e fiável, sendo aplicável tanto em cenários laboratoriais como em linhas industriais

dinâmicas e de alta cadência.

Para explorar diferentes graus de integração e responder a requisitos operacionais

distinto, foram desenvolvidos três modos de funcionamento: o “Modo Matriz”, orientado

para caracterização espacial detalhada, o “Modo Singular” direcionado para a deteção

seletiva em fluxo e o “Modo Contínuo” concebido para responder a cenários de elevada

densidade e velocidade. Estes modos representam estratégias complementares de

sinergia entre os módulos de visão computacional e LIBS, refletindo uma evolução

progressiva desde abordagens estáticas e mais detalhadas até metodologias de análise

contínua em tempo real.

Em conjunto, os resultados demonstram que a integração multimodal permitem ultra-

passar as limitações estruturais das tecnologias individuais, ampliando a fiabilidade,

a seletividade e escalabilidade do processo de deteção, e abrindo caminho para a

evolução e transição de soluções laboratoriais em direção a sistemas industriais não

apenas automatizados, mas também ambientalmente conscientes.
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Abstract

This thesis focuses in integrating two complementary technologies - computer vision

and laser-induced breakdown spectroscopy (LIBS) - with the aim of developing a hybrid

multimodal inspection environment designed for the automatic detection of contaminants

in solid materials.

The increasing demand for quality control and safety in industrial production lines rein-

forces the need for inspection systems capable of rapidly and reliably identifying the

presence of contaminants. However, traditional monitoring methodologies, based exclu-

sively on a single technology, reveal inherent limitations and clearly highlight the scope

for innovative solutions that combine analytical precision with industrial scalability.

Building upon the advances achieved by each technology independently, this research

seeks to overcome their intrinsic limitations when applied separately through the design

and implementation of a physical and digital infrastructure that integrates the acquisition,

synchronisation, and processing of both visual and spectral data. The resulting system

constitutes a robust, automatic, and adaptable solution, capable of combining morpho-

logical characteristics with compositional information in a more comprehensive and

reliable manner, with applicability ranging from laboratory scenarios to dynamic, high-

throughput industrial environments.

To explore different levels of integration and address distinct operational requirements,

three operating modes were developed: the “Matrix Mode”, aimed at detailed spatial

characterization, the “Singular Mode” directed towards selective detection in flow and the

“Continuous Mode” designed to respond to scenarios of high density and speed. These

modes represent complementary strategies for achieving synergy between computer

vision and LIBS modules, reflecting a progressive evolution from static, more detailed

approaches towards continuous real-time analysis methodologies.

Taken together, the results demonstrate that multimodal integration enables the system

to overcome the structural limitations of individual technologies, thereby enhancing relia-

bility, selectivity, and scalability in contaminant detection, while paving the way for the

evolution and transition of laboratory-based solutions towards industrial systems that are

not only automated but also environmentally conscious.
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1. Introduction

1.1. Motivation: Seeing Beyond the Visible Range

As observing beings, we possess characteristics that allow us to continuously explore

and redefine the boundaries of knowledge. Our innate curiosity and human senses drive

continuous discovery of the world. Yet, despite the fundamental importance of the human

senses that we inherited through evolution, they still present constraints when confronted

with the ambition to explore the unknown and to reach beyond our natural capabilities.

These limitations become particularly evident in challenging applications such as indus-

trial contexts, where simple visual observation is not sufficient to detect critical risks and

meet the required throughput. Materials that appear harmless, such as wood, glass,

or rocks, may contain contaminants not only of organic and biological origin, but also

radioactive and metallic, in concentrations high enough to compromise safety, the quality

of the final product, and the sustainability of production processes. For instance, recent

studies [1] indicate that a single kilogram of treated wood may contain the equivalent of

a teaspoon of undesirable metallic contaminants, whether of natural or anthropogenic

origin, which can affect the physical and chemical properties of materials, but more

importantly, represent a sufficient load to generate significant environmental impacts and

health risks, particularly when accumulated in large volumes.
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Figure 1.1: Comparative diagram illustrating the gap between human sensory limita-
tions and technological extensions, illustrating how technology transcends biological
constraints to expand perception and analytical capabilities.

In such contexts, where the challenges of perception far exceed human sensory capabil-

ities, technologies emerge as indispensable extensions of our ability to observe, analyse,

and make decisions. In particular, and just as the stethoscope amplifies hearing and

the microscope expands vision beyond the visible, both Computer Vision (CV) and spec-

troscopy tools may enhance and augment human senses in demanding and specialised

tasks (see Figure 1.1). Still, when employed individually, their intrinsic limitations may

compromise their effectiveness in more complex real-world scenarios. For example,

although Computer Vision has established itself as an essential and central technology

across multiple domains, enabling systems to interpret, analyse, and extract information

from large volumes of visual data in an automated way, it proves insufficient for detecting

properties that do not manifest visually. On the other hand, spectroscopic techniques may

provide data on atomic and molecular composition in an automated manner, but still face

significant challenges related to the speed of operation, sample heterogeneity variation,

and the complexity of interpreting the spectra generated, just to name a few.

These limitations clearly highlight the need for integrated approaches that combine the

complementary capabilities of different technologies in order to overcome individual

constraints and enhance the strengths of each one.
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1.2. Shaping an Analytical Synergy for Computer Vision and Laser-

Induced Breakdown Spectroscopy

In theory, one may conjecture that the integration of Computer Vision with spectral data

presents a unique and interesting opportunity to create a hybrid data environment.

On one hand, Computer Vision replicates our vision and significantly extends it in terms

of memory persistence, data throughput, and even machine-speed processing. Classical

image processing and, more recently, data-driven models based on deep neural networks

enable real-time detection, segmentation, tracking, and classification on modest hard-

ware. Computer Vision captures spatial structure (shape, texture, colour, morphology),

context (scene layout, co-occurrence), and temporal cues (motion, change), providing

robust macroscopic descriptors of materials and their environment. However, colour and

texture often lack clear information related to chemical information, making Computer

Vision alone insufficient to support reliable decisions.

On the other hand, spectroscopy tools enable access to the richness of chemical and

structural information. In particular, LIBS is a rapid, minimally invasive spectroscopic

technique in which a focused laser pulse ablates a small volume of material, forming a

micro-plasma whose emission lines encode elemental composition. LIBS offers broad

elemental coverage (including light elements), sub-second acquisition, and may be suit-

able for in-line or in situ analysis for applications such as contaminant detection. Yet, the

speed of operation (normally a few Hz) means that the data obtained is spatially sparse

and even insufficient.
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Figure 1.2: Conceptual scheme of multimodal fusion, where computer vision and
LIBS spectroscopy are integrated into a unified framework, combining spatial context
and compositional evidence for robust contaminant detection.

Thus, it is clear that each of the techniques presents individual strengths but also limiting

weaknesses. Yet, as we introduced above, we may now conjecture that we can combine

both technologies in a multimodal imaging system to try to minimise their individual limi-

tations (see Figure 1.2). For example, in a possible solution, a Computer Vision module

may guide attention to the right spatial regions via segmentation and supply additional

context for interpretation, while LIBS may supply definitive compositional evidence that

distinguishes visually similar classes. In this context, it becomes possible to explore both

the spatial properties and spectral signatures of objects, enabling a more comprehensive,

robust, and adaptable analysis system suited to a wide range of scenarios.

This collaborative approach not only increases the effectiveness of material detection

and characterisation, broadening the range of potential applications, such as automated

industrial environments, environmental monitoring scenarios and selective waste sorting.

However, the synergistic fusion of Computer Vision with advanced spectroscopy comes

with its own challenges. In summary, we may divide them into the two backbone compo-

nents of these systems and their open questions:

• Hardware Challenge: What design should be used to make a modular solution

that supports synchronised acquisition? How to make it robust for compatibility with

industrial environments?

• Software Challenge: What algorithms and data pipelines are capable of seamless

fusion of heterogeneous data streams? How to reconcile differences in temporal
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and spatial resolution, and extract meaningful correlations across spatial and

chemical domains?

Together, these challenges highlight that the creation of an effective multimodal system is

not only a matter of combining sensors, but rather of engineering a coherent framework

in which hardware and software are designed to complement one another. Addressing

these issues establishes the foundation for the objectives of the present work.

1.3. Dissertation Objectives and Structure

The present dissertation is framed within this technological challenge and builds upon the

emerging work developed in recent years by INESC TEC in the field of spectral imaging

analysis, with a particular focus on Laser Induced Breadown Spectroscopy. In particular,

the broader motivation is to develop a multimodal solution (LIBS and CV) capable of

tackling industrial contexts that require significant processing speed and operational

robustness, enabling enhanced traceability and quality control that does not hinder the

overall performance of the production processes. For this, we establish three operational

objectives:

• Objective 1: Design and deploy a multimodal hardware solution to incorporate

Computer Vision and LIBS in a unique system, in a versatile setup close to industrial

applications;

• Objective 2: Develop a software layer to integrate two distinct yet complementary

data models - visual data from Computer Vision and chemical information obtained

through LIBS spectroscopy;

• Objective 3: Demonstrate automated detection of contaminants in real-world

samples under real industrial throughput conditions.

Moreover, and more on the strategic side, this research also aims to map the opportu-

nities and challenges associated with integrating these two data acquisition modalities.

In doing so, it not only aims to advance the state of the art in multimodal analysis,

but also charts promising pathways for the development of technologically robust and

environmentally responsible solutions, with tangible impact both in applied science and

in sustainability-driven industrial sectors.
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The present dissertation is structured into seven chapters, organised to reflect the logical

progression of the development and integration of the proposed hybrid system, from

theoretical and technological contextualisation to practical implementation and analysis

of the results obtained.

Chapter 1 introduces the motivation underlying this dissertation, along with the central

research problem that guides the investigation. It outlines the general and specific

objectives of the study and provides a brief description of the methodologies adopted to

achieve them. Finally, it highlights the scientific relevance of the work, as well as the main

contributions it aims to deliver.

Chapter 2 offers a conceptual and technological overview of the challenges associated

with contaminant detection in solid materials. It examines the limitations of human

perception in demanding contexts and justifies the need for advanced technological

approaches. Computer Vision and LIBS spectroscopy are presented as complementary

techniques, including a discussion of their fundamental principles and the current state

of the art, both in isolation and in integrated approaches.

Chapter 3 details the physical and digital infrastructure developed to support the imple-

mentation of the hybrid system. It describes the hardware components used, including

the LIBS acquisition system, the camera supporting Computer Vision, and control mech-

anisms, as well as the software tools and techniques employed for data acquisition,

processing, and synchronisation. The system architecture is presented with emphasis on

its modularity and interoperability.

Chapter 4 describes the two core analytical subsystems, the model based on Computer

Vision and the model based on spectral data acquired via LIBS. The first section

addresses the selection, training, and validation of the Computer Vision model, with

particular attention to dataset creation and annotation, segmentation techniques, and

system calibration. The second section focuses on LIBS data processing and interpre-

tation, including pre-processing, feature extraction, and classification strategies.

Chapter 5 presents the approach developed for the synergistic integration of the two

models, with the aim of creating a hybrid analysis system. Different fusion strategies,

at the levels of decision, features, or acquisition, are discussed, and the adopted archi-

tecture is justified. The implementation of the integrated pipeline is described in detail,
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highlighting how Computer Vision can guide or constrain LIBS analysis, and vice versa,

thus contributing to a more efficient and robust process.

Finally, Chapter 6 outlines the main conclusions drawn throughout the work, summarising

the contributions of the dissertation and reflecting on the impact of the results obtained.

Possible directions for future research are also discussed, focusing on system generali-

sation to new contexts, computational optimisation, and the expansion of data sources

to be integrated.

1.4. List of works and publications

Journal Publications:

• Diana Capela; Rafael Cavaco; João Carvalho; Pedro A. S. Jorge; Nuno A. Silva;

Diana Guimarães. “Spectral Imaging Applications for Industrial Settings: On-Site,

At-Line, And In-Sight”. Manuscript in preparation for submission to Resources,

Conservation & Recycling (Elsevier)

Oral Presentations:

• Diana Capela; Rafael Cavaco; João Carvalho; Pedro A. S. Jorge; Nuno A. Silva;

Diana Guimarães “Laser-induced Breakdown Spectroscopy System for At-line

Sorting of Recycled Wood”. 5th International Symposium on Advanced Measure-

ment, Analysis and Control for Energy and Environment (5th AMACEE), Brno,

August 2025

• Diana Guimarães, Diana Capela, Rafael Cavaco, João Carvalho, Joana Teixeira,

Tomás Lopes, Pedro Jorge, Nuno A. Silva. “Spectral Imaging applications for indus-

trial settings: On-Site, At-Line, and In-Sight”. XLIV Colloquium Spectroscopicum

Internationale (CSI 2025), Ulm, Germany, July 2025. Invited Talk
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2. Scientific Context and Challenges
The previous chapter introduced the motivation for this research, highlighting both the

promise and the limitations of combining Computer Vision with spectral imaging in

a multimodal system. While the combination between these two modalities offers a

compelling pathway for more robust and versatile analysis, the associated hardware

and software challenges also make a universal, “one-size-fits-all” solution for industrial

applications unrealistic. Instead, the path forward requires fit-for-purpose approaches,

designed and optimised for specific operational scenarios. In this context, this chapter

defines our chosen focus - the detection of contaminants - introducing its importance as a

critical challenge across industrial, environmental, and societal contexts. The background

is framed by first outlining the risks posed by contaminants, followed by examining

the shortcomings of conventional analysis, and finally discussing how Computer Vision

and LIBS may work as promising complementary technologies. The chapter closes by

positioning the fusion of these modalities as a largely unexplored but promising frontier

for adaptive multimodal solutions.

2.1. Industrial and Environmental Impact of Contaminants

The rapid population growth, at times uncontrolled during various historical periods espe-

cially following the Industrial Revolution, has presented large-scale opportunities but also

major critical challenges. Although global growth rates are currently slowing, projections

still indicate continued population increase at least until the 2080s [2]. This growth has

been sustained by major advances in areas such as public health, disease control, basic

sanitation, and food security, which have largely contributed to increased life expectancy

and sharply reduced mortality rates, particularly among children.

However, the civilisational advances observed in recent decades do not fully balance the

side effects of continuous human expansion [3]. As population density rises and human

activities intensify, substantial pressure is placed on natural resources, ecosystems, and

productive infrastructure. These challenges manifest across multiple dimensions, from

economy to society and environment (see Figure 2.1 ([4], [5])). Among the most visible

effects are the significant increase in the generation of industrial and urban waste, the

depletion of critical raw materials, and the degradation of water and air quality, to name

just a few [4]. These dynamics undermine not only the regenerative capacity of natural

systems but also the efficiency and safety of production systems.
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Figure 2.1: Diagram of anthropogenic pressures and contaminant pathways, linking
population growth and associated waste streams to the release of contaminants and
their consequent impacts on water, soil and air.

Alongside these visible consequences, a less apparent but equally critical issue has

gained increasing attention: the production and dispersion of contaminants in various

materials and environments. Extensively documented [6], [7], this event affects both

industrial products, in which impurities can compromise quality, safety, or performance,

and natural raw materials, which were once considered intrinsically pure and reliable.

The detection of contaminants in food, groundwater, electronic components, or recyclable

materials, for example, illustrates the pervasiveness and severity of this problem, and the

consequences of this diffuse presence of contaminants vary depending on the domain

in which they occur. For example, in environmental contexts, contaminants dispersed

in soil, water, or even air can result in severe ecological imbalances, affecting biodiver-

sity and posing risks to both human and animal health [5]. Another important context

is the industrial and production sectors, where cross-contamination of materials can

compromise product quality, increase production costs, and challenge compliance with

increasingly stringent regulatory standards [8]. This issue becomes particularly critical

in the incorporation of recycled materials into production chains, where heterogeneous

inputs and variable purity levels increase the risk of impurities being introduced. Ensuring

the reliable detection and control of contaminants in such scenarios is therefore not only

a matter of operational efficiency, but also of environmental responsibility and regulatory
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compliance. It is precisely within this context of controlling the reintegration of recycled

materials into industrial processes that this work positions its focus.

2.2. The Barriers of Conventional Analysis in Real-World Scenarios

The selection of the most appropriate approach depends largely on the specific domain

of application, as well as on the nature of the contaminants, whether of physical, chemical

or biological origin. To name a few examples, conventional solutions include chemical

analysis and separation techniques [9], microbiological methods for pathogen detection

[10], [11], or a variety of instrumental approaches based on sensors, destructive testing,

and visual inspections in industrial settings [12], [13], [14], [15].

Chemical contaminants are generally divided into inorganic and organic impurities, such

as pentachlorophenol, benzopyrene, and phthalates, commonly used in wood finishes

[1]. In this work, emphasis is given to inorganic chemical elements, as these are the

species detectable by atomic analytical techniques such as X-ray Fluorescence (XRF)

and LIBS.

Within the group of chemical analysis techniques are included, spectroscopy methods (in

its various forms, e.g. mass spectrometry, atomic absorption or emission spectroscopy)

are frequently employed to determine, with high precision, the elemental composition

and concentration of contaminating substances [16], [17]. Due to their high sensitivity,

specificity, and reproducibility, these spectroscopy methods are widely used in laboratory

environments. However, in industrial contexts, control routines are more commonly based

on systematic sampling and, in many cases, on human visual inspections, which often

serve as a first-line screening method. This means that despite the technical advances

enabled by these methodologies and their proven effectiveness, particularly in terms of

analytical precision and regulatory compliance, they present significant obstacles that

hinder their wider application outside controlled laboratory environments (see Figure 2.2).
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Figure 2.2: Analytical trade-off diagram mapping industrial throughput (speed, au-
tomation and robustness) against analytical confidence (precision, sensitivity and
specificity), highlighting the design space for innovative solutions and positioning the
proposed computer vision and LIBS fusion within that space.

Indeed, among the main constraints are the time-consuming nature of analytical proce-

dures, the requirement for careful and rigorous sample preparation, the high acquisition

and maintenance costs of equipment, and the need for highly trained personnel to ensure

accurate interpretation of results [18], [19]. In addition to these operational limitations,

many conventional techniques rely on point-based analyses conducted on representative

samples from a batch or process. While effective in laboratory settings, this approach

proves insufficient for detecting localised, sporadic, or heterogeneous contaminations,

scenarios that demand a more continuous and dynamic analytical capacity.

Thus, it becomes increasingly important to develop solutions that can bridge analytical

spectroscopy tools to industrial performance, by making them faster, minimal destructive,

automatic, and suitable for on-line operation, without compromising analytical reliability

and sensitivity.

2.3. Two-Stroke Technology: The Discrete Power of Computer Vision and

Laser Induced Breadown Spectroscopy

In recent years, and due to distinct contexts as we will describe, two emerging

approaches have gained particular relevance: i) Computer Vision, which enables the

rapid and precise extraction of information from visual data; and ii) LIBS, recognised for its
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ability to provide detailed compositional data at the atomic and molecular levels, in near

real-time and without requiring prior sample preparation. Individually, both technologies

have become increasingly consolidated across various domains, standing out due to

their innovative characteristics and operational advantages compared to conventional

techniques.

In the case of Computer Vision, it has established itself as an essential tool in numerous

scientific and industrial fields, enabling a broad spectrum of applications across sectors

such as medicine [20], [21], [22], agriculture [23], [24], [25], [26], astronomy, autonomous

driving [27], [28], [29], [30], waste management, and industrial control [31], [32], [33],

among many others. This has been particularly propelled by the convergence of several

key developments:

• Deep learning breakthroughs: in recent years the advent of machine learning and

in particular of convolutional neural networks (CNNs), vision transformers (ViTs),

and more recently of hybrid attention-based architectures [34] have drastically

improved accuracy and minimised development costs for tasks such as detection,

segmentation, and classification, while also broadening applicability to multimodal

contexts;

• Specialised hardware acceleration: the above breakthroughs cannot be disso-

ciated from the exponential increase in computational power offered by graphics

processing units (GPUs), tensor processing units (TPUs), and other dedicated

accelerators that have reduced training and inference times. These devices are now

crucial for performance applications, by enabling real-time deployment of complex

models even on embedded and edge devices;

• Data-driven methodologies: also connected with the deep-learning break-

throughs, the availability of massive annotated datasets, together with new tech-

niques for data augmentation, self-supervision, and transfer learning, has enabled

models to learn robust and generalisable visual representations [35] far beyond

handcrafted features;

• Accessible and versatile AI tools: finally, modern frameworks and libraries (such

as TensorFlow, PyTorch, and ONNX) have also lowered the barrier to implemen-

tation, while cloud infrastructures and edge computing solutions have expanded

scalability and deployment options.
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Together, these factors have transformed Computer Vision into a mature and versatile

technological domain with direct impact in applied sciences and industry (see Figure 2.3

(adapted from [24])). In the medical field, for instance, Computer Vision plays a decisive

role in the early and accurate detection of diseases such as cancer, through the auto-

mated analysis of medical images, including computed tomography scans (CT), magnetic

resonance imaging (MRIs), and X-rays [36]. These techniques directly impact clinical

outcomes by increasing diagnostic accuracy and enabling the detection and classification

of tumour subtypes, thereby supporting the development of personalised treatment plans

[37]. Another example is astronomy, where the growing challenge of processing the

massive volumes of data generated by telescopes and space probes, typical of the “big

data era”, has driven the adoption of segmentation methods as an essential solution for

detailed analysis of the structure, morphology, and evolution of galaxies across different

cosmic epochs [38].

Figure 2.3: Example of computer vision deployment in environmental monitoring:
aerial imagery used for automated detection and quantification of livestock, illustrat-
ing computer vision capacity for large-scale spatial surveillance.

Specifically in the context of contaminant detection, Computer Vision has shown increas-

ing value in remote ecosystem monitoring, water and soil inspection, and automated

sorting in recycling and waste management processes [39]. By identifying visual patterns

associated with pollution, material degradation, or the presence of surface anomalies,

such as visible impurities, colour shifts, or texture changes, this technology can indirectly

infer the presence of unwanted substances, acting as an early indicator of potential

contamination. However, in this context, its effectiveness is inherently limited to what

can be visually observed. Subsurface pollutants, chemically indistinguishable materials,

or contaminants with no visible manifestations often remain undetected. In addition, the
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reliance on lighting conditions, surface characteristics, and the risk of false positives in

visually similar classes highlight the need for complementary analytical techniques.

In the case of LIBS, the technique has likewise emerged as a highly relevant analytical

method in recent years, steadily transitioning from laboratory research into real-world

technological applications. At its core, LIBS operates by focusing a short, high-energy

laser pulse onto the surface of a material. The energy ablates a microscopic portion

of the sample and generates a micro-plasma plume. As this plasma cools, the excited

atoms and ions emit light at characteristic wavelengths, which are then captured by a

spectrometer. Each emission line corresponds to a specific element, enabling the rapid

determination of the material’s elemental composition [40]. This principle of operation

makes LIBS inherently flexible and capable of probing a wide variety of matrices featuring

a distinct set of advantages that position it as a versatile and powerful analytical tool:

• Multi-elemental and composition detection capabilities: in theory, LIBS can

simultaneously detect all elements of the periodic table from a single plasma event,

including light elements (H, Li, Be, B, C, N, O) that are often difficult to measure with

other techniques such as X-Ray Fluorescence [41], [42], [43]. Besides, being so

information-rich, LIBS spectra can be analysed with chemometrics, machine learn-

ing, or deep learning models, to support advanced quantitative analysis, sample

classification, and automated interpretation [44], [45], [46];

• Minimal destructiveness: the ablation involves only micrograms of material,

leaving negligible marks and rendering the method quasi-non-destructive, even for

sensitive or valuable samples;

• Rapid single point operation: emission spectra can be generated in rates typically

ranging from 1 Hz to 100 Hz, enabling measurements on sub-second timescales

and making LIBS suitable for in-line and in situ monitoring;

• No or minimal sample preparation: unlike ICP-MS or AAS, LIBS can analyse

solid, liquid, or gaseous samples directly, drastically reducing pre-treatment time

and cost, and making it suitable for inline industrial operations;

• Portability and field readiness: the miniaturisation of solid-state lasers and

spectrometers has led to portable and even handheld devices, expanding LIBS

applications to fieldwork, environmental monitoring, and planetary exploration.
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Together, these features explain the growing interest in LIBS as a disruptive analytical

technology, now enabling application across an expanding array of contexts, from the

metallurgical and automotive industries [47], to medicine and clinical diagnostics [48],

[49], [50], environmental analysis and remediation [51], [52], [53], archaeometry and

cultural heritage preservation [54], [55], food safety [56], [57], [58], and even the explo-

ration of submerged or marine environments [59], [60]. For example, in the field of

heritage conservation, there is a need for high-value methods and strategies that provide

crucial information to guide preservation efforts. LIBS has been employed in stratigraphic

analyses of ancient paintings, metals, and ceramics, allowing the identification of the

elemental composition of sensitive surfaces without compromising the structural integrity

of valuable artefacts. Another interesting example is planetary exploration, where LIBS

has become increasingly prominent (see Figure 2.4 (adapted from [61], [62])). In addition

to the many tools and sensors typically included in such missions, this robust technique,

capable of withstanding adverse and extreme environmental conditions, and requiring

no logistical infrastructure for sample collection or transport, has enabled detailed geo-

chemical analyses directly on the surface of Mars, as demonstrated by instruments such

as ChemCam and SuperCam on planetary rovers [63], [64].

Figure 2.4: Field and planetary deployment of LIBS: rover-mounted LIBS analysis
(Perseverance/SuperCam) demonstrating in-situ elemental interrogation of geolog-
ical targets and the technique’s operational suitability for remote compositional
analysis.

More specifically regarding contaminant detection, LIBS continues to demonstrate its

considerable potential, particularly through its ability to directly identify toxic chemical

elements, heavy metals, and other undesirable substances [65], [66]. By analysing the

emission spectra generated during the laser-sample interaction, it is possible to detect
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characteristic spectral peaks for each element, allowing for accurate inference of their

presence and, consequently, the assessment of contamination levels. However, the

technique is not without limitations. The inherently sparse sampling - as each laser pulse

interrogates only a microscopic spot - may limit the representativeness in heterogeneous

or large-scale materials, where contaminants can be unevenly distributed. Issues such as

the intrinsic surface-limited nature of the technique, which prevents probing the bulk of the

sample, as well as variable surface roughness, particle size, and environmental factors

(e.g., humidity, dust, ambient light) can also degrade spectral quality and consistency.

2.4. Fusing Technology to Advance the State of the Art

Despite the significant independent advancements recorded in both the field of Computer

Vision and that of LIBS, integrated solutions that synergistically explore these two

technologies remain largely underexplored. The vast majority of existing approaches

focus on unimodal systems or, when multimodal, rely on alternative combinations that

do not necessarily involve LIBS. This situation is particularly, and without exception,

evident in the context of contaminant detection, where the potential of combining detailed

visual characterisation with direct compositional analysis remains underutilised (see

Figure 2.5).

Figure 2.5: Venn diagram of complementary strengths of computer vision and LIBS
spectroscopy. The intersection (fusion) denotes spatially guided LIBS sampling,
combined spatial-compositional analysis, and improved robustness in contaminant
detection and decision-making.



FCUP | FEUP 17
Automation And Sample Classification Algorithms For Industrial Spectroscopy-based Systems

A few studies have begun to explore, at an early stage, the convergence between LIBS

and Computer Vision, though with objectives distinct from those proposed here. For ex-

ample, [67] developed a method in which LIBS-generated data on silicone insulators were

converted into images and processed with the aim of assessing the degree of surface

pollution. Although a form of technological fusion is present, the focus of the analysis is

not on the direct detection of chemical contaminants, but rather on the extraction of visual

patterns derived from the obtained spectra. In another example, within the food sector,

[68] designed a continuous contaminant detection system for processed products based

on X-ray imaging, incorporating advanced Computer Vision techniques.

These examples clearly illustrate that, although there are promising attempts at fusing

visual and analytical modalities, the specific combination of LIBS and Computer Vision

applied to contaminant detection, particularly in dynamic, heterogeneous, and contin-

uous-flow environments, remains an unexplored frontier with high potential impact.

Accordingly, the present work positions itself as an attempt to address this gap by

proposing an innovative approach that effectively integrates the analytical power of LIBS

with the interpretative capabilities of Computer Vision. The objective is not to advance

the technical development of each technology independently, but rather to drive forward

the state of the art in their joint and strategic application, demonstrating how such fusion

can deliver more robust, versatile, and informed solutions for contaminant detection in

complex scenarios.

2.5. Concluding Remarks

The contextual and technological exploration developed throughout this chapter high-

lights the multidimensional challenges associated with the often-invisible presence of

contaminants in environmental and industrial contexts. Although conventional analytical

methodologies have played a crucial role in the detection and control of contaminants,

their operational limitations, particularly outside controlled laboratory settings, have

increasingly exposed the need for alternative approaches that are faster, minimally

destructive, automated, and adaptable to the real dynamics of productive and ecological

systems.

Within this framework, Computer Vision and LIBS emerge as two complementary

technologies, each addressing different dimensions of the analytical problem. While

both technologies have demonstrated maturity and applicability across various domains,

their joint application remains notably underexplored. Rather than pursuing unimodal
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advancements, this work aims to design a hybrid architecture capable of coherently and

functionally articulating the capabilities of both modalities.
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3. Hardware Architecture and Acquisition

Systems
Despite the significant progress achieved independently in the fields of Computer Vision

and LIBS, it becomes essential to identify both hardware and software pathways to deploy

a solution for a multimodal on-line contaminant screening. This section focuses on the

hardware part, describing the technical realisation of the proposed integrated approach,

based on the combination of optical, electronic, and mechanical components. Each

module was carefully selected not only based on its specific functional requirements but

also with the intent of ensuring robust interoperability, capable of supporting a continuous

and efficient operational flow from the first to the final subsystem.

3.1. Functional Integration for Multimodal Inspection

Our target system is an adaptive multimodal inspection solution designed for semi-

industrial environments, capable of detecting, segmenting, and analysing heterogeneous

samples, such as rocks, glass, or wood, in an automated, localised, and non-destructive

manner. Owing to the complementarity between Computer Vision and LIBS, the goal is

to deliver a comprehensive analysis within a few seconds, with the potential to be scaled

and integrated into continuous production lines or advanced sorting contexts.

Towards this global vision, the system was structured into three distinct functional mod-

ules, reflecting the division between the employed technologies and the infrastructure

that connects them:

• A Computer Vision module: positioned upstream, this first module relies on Com-

puter Vision equipment and processing techniques to perform image acquisition

and applies identification, segmentation, and classification algorithms with the goal

of identifying regions of interest that merit further investigation. These selected

regions can be either fused with spectral data from the second module or serve as

coordinates for targeted LIBS sampling;

• A LIBS module: the second module, mounted on a robotic support, performs

precise localised spectral analyses through the emission of laser pulses and the

collection of radiation emitted by the induced plasma. It provides detailed composi-

tional information about the samples or regions identified by the vision subsystem;
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• A motion and spatial scanning module: the third module is responsible for the

positional coordination of the LIBS system relative to the conveyor belt and the

samples under inspection. It ensures accurate spatial coverage, fine focal adjust-

ment, and seamless integration between continuous material flow and targeted

local analysis, thereby guaranteeing the synchronisation and reliability of the entire

inspection workflow.

The three modules, which will be further described in the subsequent sections, operate

not only sequentially, but also in a tightly coordinated manner, ensuring the overall fluency

of the analytical process (see Figure 3.1). Following the analysis, the system outputs a

reliable inference regarding the presence of one or more specific contaminants, grounded

in the complementarity between visual, compositional, and positional information.

Besides, the samples of varying typologies and degrees of contamination move along

a linear trajectory on a motorised conveyor belt, which approximates the context of an

industrial application. Indeed, the whole combination not only enables the system to be

scaled across different application contexts, due to its modular architecture, but also

allows for the adaptation of detection criteria according to the material, the environment,

and the production requirements.

Figure 3.1: High-level functional architecture of the integrated multimodal inspection
system, presenting sample intake and conveyance, the computer vision and LIBS
paths, control and synchronisation, and the downstream fusion and actuation stages
to provide an intuitive overview of data and control flow.
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3.2. Computer Vision Module for Automated Analysis

The analytical flexibility extends, first and foremost, to the Computer Vision subsystem,

which is positioned upstream (see Figure 3.2) in the process and plays a pivotal role in

guiding the system’s overall behaviour. By enabling the customisation of both the differ-

ential detection model and the decisions derived from it (such as which regions should

be analysed or disregarded) this module serves as the operational starting point of the

workflow, functioning as an intelligent filter that anticipates, organises, and rationalises

the subsequent analytical efforts, thereby optimising the time and resources associated

with the spectral stage.

Figure 3.2: Rear view of the system, the LIBS module, responsible for chemical
analysis (left), while the system’s entry point (right) features the upstream Computer
Vision subsystem for preliminary visual inspection.

In order for this visual decision-making process to be effective and consistent with

the operational dynamics of the system, the selection of the image acquisition module

required a thorough evaluation of multiple parameters, both operational and environment-

based. The chosen camera had to meet a demanding set of conditions imposed by the

physical constraints of the application, including the constant motion and morphological

diversity of the samples conveyed on the belt, the variability of ambient lighting within the

inspection environment, and, most importantly, the need to ensure stable, well-defined

images with high spatial and chromatic fidelity. For this reason, one of the key design

constraints imposed was that the projected pixel dimension in the object plane should
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approximate the size of the laser spot produced during LIBS acquisition. This condition

ensured that each visual unit could be meaningfully correlated with the physical region

subjected to spectroscopy analysis, thereby maximising the consistency between the two

modalities. In parallel, operational factors such as the conveyor speed, fixed at 17.5 cm/

s, also played a critical role in defining the requirements for acquisition rate and data

throughput. The camera therefore needed to sustain a frame rate high enough to capture

non-blurred images with sufficient overlap between successive frames, while balancing

resolution and memory usage.

To this end, and with the aim of ensuring precision in the detection, segmentation, and

classification processes, a model was selected that offered a robust balance between

resolution, acquisition speed, and sensor quality. The Basler ace 2 camera, equipped

with the Sony IMX900 CMOS sensor, was found to meet these technical requirements,

offering a resolution of 3.2 megapixels, a frame rate of up to 114 frames per second, and

a 5 GigE interface capable of handling the high data throughput generated in real time.

In addition, one of the decisive factors in its selection was the integration of global-shutter

technology, which enables all sensor pixels to be exposed simultaneously, an essential

condition for preserving object geometry in motion and avoiding the typical distortions

associated with rolling-shutter sensors [69] (see Figure 3.3). Furthermore, the fact that it is

a colour camera introduces an additional chromatic dimension to the analysis, enhancing

the system’s discriminative capabilities without compromising the integrity and consis-

tency of the acquired images. Collectively, these features contribute to continuous and

stable image acquisition, fully synchronised with the process rhythm, thereby ensuring

ideal conditions for the subsequent spectral analysis phase.
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Figure 3.3: Comparative illustration of global-shutter and rolling-shutter acquisition
under motion, emphasising motion-induced geometric distortion in rolling-shutter
images and the undistorted capture achieved with a global-shutter in dynamic
inspection contexts.

3.3. LIBS Module for Precision Elemental Analysis

The second module concerns a LIBS equipment and directly benefits from the information

provided by the Computer Vision subsystem. This is particularly evident for the precise

localisation of the regions of interest, which correspond to entire samples that have been

previously segmented and classified, enabling the chemical analysis of the constituent

elements of the selected samples to be conducted in a targeted, selective, and efficient

manner.

To enable such performance, it is essential that the spectroscopic component operates in

coordination with the rest of the system, both spatially and temporally. The LIBS module

is based on an architecture composed of three main components, the laser system,

the spectrometer, and the digital delay generator (DDG), which is responsible for the

sequential and temporal control of events (see Figure 3.4). Indeed, the integration of

the LIBS components is not limited to simply triggering a laser pulse, but it is rather

designed to precisely orchestrate the timing of the material ablation and the capture of

the optical signal emitted by the resulting plasma, thereby maximising the quality of the

data acquired.
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Figure 3.4: LIBS subsystem: photograph of the assembled instrument paired with a
technical block diagram of laser, spectrometer and DDG, including a representative
emission spectrum with annotated elemental lines.

Overall, the design of the LIBS module was the result of a technical process conducted

with the support and expertise of the Center for Applied Photonics at INESC TEC, whose

extensive experience with LIBS systems guided the definition of selection criteria and

experimental validation. Drawing on this accumulated know-how, not only were the oper-

ational parameters for the laser and spectrometer specified, but also the need to ensure

synchronisation between them, ensuring a robust response to the diverse demands of

the application.

This specification process, coupled with the aim of ensuring the system’s applicability to

a wide range of contaminants and sample types, without compromising analytical speed

or reliability, led to the selection of the VIRON laser model from Lumibird. This is a high-

efficiency diode-pumped Nd:YAG laser, operating at a fundamental wavelength of 1064

nm, specifically designed for demanding applications that require operational robustness.

This active Q-Switch laser provides firing rates of up to 20 Hz, corresponding to 20 pulses

per second, with individual pulse of typical duration of 10 ns and energies up to 50 mJ,

which are well-suited to effective plasma generation across various sample types. It is

also worth highlighting its operational versatility, evident in its three available modes,

single shot, continuous shot (multiple shot), and burst mode, which allows controlled

emission of a pre-defined number of pulses. This flexibility grants the system significant

control, not only during analysis but also in adjusting the response according to the

specific characteristics of the samples.
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The physical-chemical properties of the samples are detected via the electromagnetic

spectrum that is emitted by the plasma during ablation. This information is captured by a

multi-channel spectrometer integrated into the system. We have chosen a wide spectral

range, from 200 to 1100 nm, enabling simultaneous detection of multiple emission lines

associated with different chemical elements present in the samples. This performance

is achieved without compromising high reading speed or dynamic response, both critical

characteristics for this application, thanks to the use of a CMOS linear sensor, which

offers technological advantages over traditional CCD sensors, particularly in high acqui-

sition-rate contexts. Finally, the synchronisation between laser firing and optical signal

acquisition by the spectrometer is ensured by a digital delay generator, a programmable

control module that determines the activation timings of each component. This device

emits triggering pulses with nanosecond-level resolution, enabling precise adjustment of

the spectrometer’s acquisition start time. This temporal coordination is essential, as it

ensures that the detection window aligns with the optimal moment after the pulse, specif-

ically, when the plasma begins to cool down and reaches its peak optical emission, thus

optimising the signal-to-noise ratio and minimising undesirable background interference.

3.4. Motion Module for Localised Chemical Analysis

Beyond the necessary temporal synchronisation among the various components of the

system, it is equally essential to ensure precise spatial coordination, particularly regarding

the position of the LIBS module in relation to the samples under analysis. In this context,

the ability to move the inspection system swiftly, accurately, and with high repeatability

proves crucial to ensure adequate spatial coverage and the overall effectiveness of the

spectral analysis process.

To this end, a Robotic System (Gantry) was implemented based on a FUYU three-

dimensional motion system, FSL120 linear module, operated by an FMC4030 pulse-type

controller. This architecture enables independent movements along the X, Y, and Z axes,

as well as interpolated trajectories, either linear or circular, involving two or three axes si-

multaneously see Figure 3.5). With stroke ranges configurable between 50 mm and 1500

mm, the system offers sufficient flexibility to accommodate both small and large-scale

samples. Its positioning accuracy of 0.02 mm ensures the fine spatial control required for

LIBS acquisition, while a maximum speed of 500 mm/s allows the gantry to keep pace

with the conveyor dynamics and the high-frequency demands of sequential laser firing.

Such capability not only ensures smooth and precise navigation across the surface of the
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samples but also guarantees the positional stability required at the LIBS system’s focal

region, an essential factor for maintaining consistency across spectral measurements.

Additionally, vertical movement along the Z-axis allows for fine adjustments to the focal

distance, adapting the system to variations in sample thickness and surface topography

without compromising optical performance or ablation quality.

Figure 3.5: Gantry motion geometry and implementation: left, 3D schematic showing
X-Y-Z axes and principal degrees of freedom; right, photographic view of the physical
gantry and its workspace.

It is important to highlight that although this robotic system constitutes the primary

mechanism for moving the LIBS module across the sample plane, its operation is carried

out in coordination with a motorised conveyor belt, which is responsible for the contin-

uous transport of materials through the inspection zone. This integrated configuration

ultimately provides the system with a high degree of adaptability to industrial contexts,

allowing for its installation on pre-existing production lines with minimal structural adjust-

ments or disruption to operational workflows.

3.5. Module Integration Regarding Temporal Coordination and Spatial

Alignment

The integration among the different modules, from the Computer Vision subsystem to the

spectrometer, requires strict sequential control, both spatially and temporally, to ensure

that the LIBS analysis is accurately targeted at regions previously identified as analytically

relevant (see Figure 3.6). To achieve this level of precision and operational robustness,
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it was necessary to implement a set of calibrations and specific adjustments tailored to

the operational characteristics of each subsystem.

Figure 3.6: Temporal sequence diagram showing the ordered progression from
computer vision assessment to LIBS spectral interrogation, culminating in integrated
decision-making and actuation.

For the Computer Vision module, intrinsic camera calibrations were performed, correcting

radial and pincushion optical distortions using specialised calibration patterns. Through

the incorporation of ArUco markers, it was possible to accurately define the boundaries

of the operational area, as well as to compute conversion factors between image units

(pixels) and physical coordinates (millimetres), thereby establishing a reliable metric link

with the Gantry positioning system (see Figure 3.7). Based on this data, spatial calibration

lines were traced, enabling accurate transposition between the two systems.
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Figure 3.7: Calibration and synchronisation workflow linking camera pixel coordi-
nates to gantry millimetre coordinates via ArUco markers and transformation
matrices, establishing metric alignment for spatially guided LIBS sampling.

In parallel, the actual speed of the motorised conveyor belt was determined experimen-

tally to be 17.5 cm/s and subsequently correlated with various acquisition time intervals

relevant to the global synchronisation of events. In pratical terms, this corresponds to a

transit time of approximately 1.75 s between the moment a sample leaves the field of view

of the vision subsystem and its arrival at the LIBS interaction zone, thereby defining the

effective temporal window available for detection, decision-making and laser positioning.

Beyond this global synchronisation aspect, the same parameter also determines the

spatial separation between consecutive laser shots during continuous operation modes.

For example, at a repetition rate o 20 Hz, the conveyor speed corresponds to a displace-

ment of roughly 8.75 mm between successive pulses.

3.6. Concluding Remarks

In this chapter we detailed the hardware architecture of our multimodal inspection system,

purpose-built to address the complex challenges of automated contaminant screening in

on-line industrial operation. The description of the system’s three functional blocks, visual

acquisition, compositional analysis, and robotic movement, has demonstrated that the



FCUP | FEUP 29
Automation And Sample Classification Algorithms For Industrial Spectroscopy-based Systems

system’s effectiveness stems not only from the technical sophistication of its individual

components, but above all from the way these components were designed to operate in

a coordinated, precise, and interdependent manner.

The careful selection of optical acquisition modules, the robust implementation of the

LIBS infrastructure, and the integration of a high-precision robotic platform, both spatially

and temporally, converge into a technological solution that goes far beyond the mere

juxtaposition of equipment. Rather, it represents the concrete realisation of an integrated

approach, in which Computer Vision acts as an intelligent screening mechanism, selec-

tively guiding the LIBS analysis, which in turn yields highly resolved compositional

inferences on the identified regions of interest. Thus, the hardware described herein con-

stitutes not only the physical foundation of the system, but also its technological enabler,

upon which the subsequent layers of algorithmic intelligence and adaptive inference will

be built.
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4. Software Layer and Algorithms
The utility of the sophisticated hardware architecture only truly manifests when the ac-

quired data are transformed into actionable and meaningful knowledge. Indeed, beyond

the robustness of the physical components, the efficacy of the intended solution will

reside in its ability to extract, structure, and interpret significant information from the

collected signals of the analysed samples. This means that a functional software layer is

also required to convert physical and chemical observations into well-founded analytical

decisions and to allow autonomous actions. For this, the system should integrate multiple

sources of information - high-resolution images and localised LIBS spectra - each with

its own structure, granularity, and information content.

Considering this diversity, the solution proposed comprises two core specialised software

models, each tailored to the specificities of the respective data type and oriented towards

distinct analytical objectives. On one hand, we will have a Computer Vision software

model that will be responsible for interpreting the visual content of the samples, outputting

information such as sample location and classification. On the other hand, the spectral

data software model will aim to utilise the LIBS technique to provide a compositional

analysis and in particular, the detection of key contaminants.

In this chapter, we present the implementation of each software model, describing how

they operate according to a specific technical pipeline, with distinct strategies for feature

extraction, decision-making, and temporal application across different phases.

4.1. Computer Vision Model Architecture and Strategy

As previously indicated, the goal of the Computer Vision system is to provide an initial

intelligent screening stage, capable of visually locating and interpreting the samples at the

pipeline’s input. This visual component was conceived not merely as a passive detection

mechanism but as a true “analytical trigger” enabling the system to perceive the type,

quantity, and individuality of each sample in circulation, thereby defining how subsequent

data should be acquired and interpreted. To systematise, it is essential that the data-

processing model is suitable for the dynamic and demanding characteristics of industrial

environments, namely:
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1. automatically identify and spatially locate the samples by segmenting them on the

conveyor belt;

2. classify, and distinguish different samples based on morphological, textural, and

chromatic attributes;

3. deliver these results in real time.

Considering these requisites, our choice was to seek solutions based on the segmen-

tation paradigm, a choice that directly influences not only the system’s final performance

but also the data annotation processes, training strategies, and the manner in which

knowledge is subsequently operationalised.

Focusing on segmentation models, and reviewing the most established approaches,

semantic segmentation stands out as the most common [70]. In semantic segmentation

[71], each area of an image is assigned a specific class (such as wood, glass, or

cork) which allows a rapid and coarse understanding of the scene’s composition (see

Figure 4.1). However, this approach does not distinguish between different instances of

the same category, which constitutes a significant limitation when multiple fragments of

the same class must be treated as independent entities.

Figure 4.1: Comparative visualisation of segmentation paradigms (left: original
image; centre: instance segmentation), highlighting instance segmentation as the
selected strategy for its capacity to individually delineate and trace samples across
the pipeline. right: semantic segmentation (top) and panoptic segmentation (bottom)
for comparison.
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To overcome this limitation, instance segmentation [72] offers an additional level of

granularity by identifying and separating distinct objects, even when belonging to the

same class. This feature renders it particularly suitable for contexts such as the present

one, where the individualisation of samples is crucial to ensure traceability and integrity

throughout the pipeline. Finally, panoptic segmentation [70] is a more recent approach

that aims to simultaneously integrate the granularity of instance segmentation with the

contextual coverage of semantic segmentation, providing a holistic representation of the

image. Yet, in spite its conceptual merits, this approach presents considerable computa-

tional complexity. All things considered, we opted to utilise instance segmentation, which

is well suited to the demands of the present project, establishing a promising balance

between the required level of detail for sample individualisation and the technical and

operational feasibility of real-time application.

Adopting this strategy imposed specific requirements in model development, particularly

regarding dataset curation and annotation. Given the fundamental premise of distin-

guishing each sample individually, it became imperative to compile a robust dataset

representative of the diversity and complexity observed under real operational conditions.

To this end, controlled image acquisition was performed in scenarios closely resembling

the target industrial environment, ensuring the inclusion of diverse fragments of rock,

glass, and wood exhibiting significant variations in shape, colour, texture, and size. The

dataset was constructed with high intra- and inter-class variability to foster the model’s

generalisation capacity and resilience to specific cases.

As a direct consequence of this morphological diversity, dataset annotation had to follow

rigorous instance segmentation criteria, requiring the creation of individualised masks

for each visible element, an inherently more demanding task compared to traditional ap-

proaches. To mitigate this complexity and enhance efficiency, the Roboflow platform was

employed [73], whose assisted segmentation capabilities, based on pre-trained models,

accelerated the initial annotation phase while ensuring minimum quality standards (see

Figure 4.2). Nevertheless, in cases of overlapping objects or diffuse contours, manual

intervention was necessary, proceeding with point-by-point annotation. Although more

time-consuming, this stage was distributed among multiple team members, contributing

not only to enhanced quality control but also to mitigating potential risks of subjective bias

in visual interpretation.
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Figure 4.2: Dataset composition and partitioning: absolute sample counts per split
and class-wise percentage distribution used for training, validation and testing.
(numbers in parentheses denote annotation/mask counts)

Following curation and annotation, the dataset was augmented systematically to enhance

visual diversity without compromising sample integrity. Operations such as random rota-

tions, brightness and exposure adjustments, noise introduction, and selective cropping

were applied, among others. Fundamentally, these augmentations expanded the range of

simulated conditions, from lighting variations to spatial orientations, providing the model

with increased robustness against natural fluctuations typical of real application contexts.

Considering this level of visual variability and the demand for generalisation, it was

essential to adopt a segmentation architecture capable of combining performance, flexi-

bility, and accuracy. Consequently, the choice fell on the eleventh version of the You Only

Look Once (YOLO) architecture [74], [75], widely recognised for its high capability in real-

time object detection and segmentation. This architecture has been successfully applied

across multiple domains, from robotics to surveillance and biomedical analysis, standing

out for its versatility, scalability, and efficiency [76], [77], [78]. Beyond object detection,

the model supports additional functionalities such as tracking and even pose estimation,

further reinforcing its suitability for scenarios with stringent operational constraints.

Structurally, the network is based on a unified architecture that processes the input

image integrally and simultaneously, resulting in a highly efficient pipeline. This is

achieved through a deep convolutional backbone that extracts hierarchical multiscale
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feature maps. These semantically rich representations are utilised by specialised heads

that generate spatial localisation of objects, their classification. In instance segmentation

tasks, this can be performed either through bounding boxes, which provide a coarse but

useful approximation of object extent, or through custom mask generation, which yields

more precise and representative delineations of the samples. While bounding boxes do

not fully capture the actual shape or composition of the objects, they can still serve as a

valuable basis for extracting complementary information.

Figure 4.3: Comparative performance of evaluated segmentation models for box
(left) and mask (right) metrics, showing YOLOv11 in relation to Mask R-CNN,
YOLOv8 and YOLOv12. (bottom) confusion matrix for the YOLOv11 model.
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Figure 4.4: Per-class mask-performance heatmap comparing precision, recall,
mAP50 and mAP50-95 across models for the target classes (glass, rock, wood).

Comparing different segmentation architectures allows not only to observe performance

differences between them but, more importantly, to asses the positioning of the selected

model relative to both traditional and state of the art alternatives.

Overall, the Mask R-CNN model, which represents a more traditional two-stage approach

to instance segmentation, generally slower because of its two-stage processing [79],

exhibits inferior performance compared to the others, achieving the lowest values indi-

cating limitations in its ability to detect and segment the target samples (see Figure 4.3).

When comparing YOLOv8 and YOLOv11, both models demonstrate similar precision

metrics, yet YOLOv11n shows significantly reduced inference times on CPU ONNX (56.1

ms versus 80.4 ms for YOLOv8n [80], [81]), representing a relevant advantage for appli-

cations requiring real-time processing.

YOLOv12, on the other hand, while registering slightly higher metrics for both bounding

boxes and masks, exhibits marginally slower inference times when executed on a T4

GPU with TensorRT 10 (1.64 ms versus 1.5 ms for YOLOv11n [81], [82]), emphasising the

need to balance predictive performance and processing speed for this specific context.

Looking more closely at the per-class analysis, the same trend is confirmed. Each indi-

vidual class (glass, rock, wood) shows that YOLOv11 maintains consistent performance,

combining high precision and recall with reduced inference times (see Figure 4.4). There-

fore, YOLOv11 was selected as the final software model, as it offers the best balance

between accuracy and computational efficiency.



FCUP | FEUP 36
Automation And Sample Classification Algorithms For Industrial Spectroscopy-based Systems

4.2. Inferring Contaminants with LIBS Data

The intelligence of the proposed system is not confined solely to the visual domain. It is

precisely from this domain that a new analytical stage is triggered giving way to spectrum

and chemical signatures. In this new data and decision domain, LIBS spectroscopy

assumes the role of an indispensable complementary tool: as discussed it will allow to

reveal properties invisible to morphological analysis by functioning as a compositional

lens that decodes the elemental nature of the samples.

As previously explained, LIBS operates as a highly localised energetic probe capable

of identifying the presence or absence of contaminants. The operation begins with the

focusing of a high-energy laser pulse, serving as the excitation source, onto a specific

region of the sample surface (see Figure 4.5). This short-duration pulse, typically lasting

from a few nanoseconds to, in advanced cases, picoseconds or femtoseconds, deposits

an extremely concentrated amount of energy at the impact point. Such excitation is

sufficient to induce partial vapourisation of the material through rapid local temperature

elevation, far exceeding its boiling point and culminating in the formation of an optically

emitting plasma.

Figure 4.5: Schematic of LIBS plasma dynamics and spectral emission, illustrating
the sequence from laser-induced ablation and plasma formation to the emission and
collection of characteristic spectral lines.

This phenomenon results from the direct interaction between the electromagnetic field

of the laser and the sample constituents, promoting gas breakdown and subsequent

plasma formation, often accompanied by shock waves and acoustic emissions, reflecting

the high energy intensity involved. The resulting plasma, initially unstable, dynamically

evolves over a few microseconds, undergoing recombination and energetic relaxation

processes. It is precisely during this cooling phase that spontaneous emission of charac-
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teristic radiation occurs, producing a unique spectrum corresponding to the elemental

composition.

The emission spectrum consists of multiple emission lines distributed across a spectral

range extending from the ultraviolet to the infrared, and constitutes a true compositional

signature of the elements present in the sample. However, direct reading and interpre-

tation of this spectrum is far from trivial, given the high spectral density, line overlap, and

dependence on experimental factors such as the ambient atmosphere, which introduce

noise and complexity into the acquired signals. Therefore, rigorous and systematic com-

putational methods become indispensable for extracting, processing, and interpreting the

relevant information.

Figure 4.6: Processing pipeline for LIBS spectra: raw acquisition, pre-processing
(baseline correction and normalisation), peak detection and matching against a
contaminant reference database.

Just as a segmented image can be converted into categorised information through the

visual model, the LIBS spectrum is transformed into chemical knowledge via a specialised

analytical model developed from experimental data. The model developed essentially

consists of a set of annotated spectral vectors that aggregate, for each contaminant

of interest, the wavelengths corresponding to the most representative and recurrent

emission lines within the spectrum. Initially, the acquired spectrum undergoes a series

of pre-processing operations, including normalisation, baseline correction, and spectral

peak detection (see Figure 4.6). These steps not only reduce noise and non-informative

variability but also facilitate the isolation and reading of the most relevant spectral signa-

tures [83].
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After this first step, the identification of a given element’s presence is then performed by

direct comparison between observed peaks and characteristic wavelengths stored in the

model, considering also an intensity threshold and an appropriate wavelength deviation

tolerance. The presence of a contaminant is confirmed whenever at least two emission

lines attributed to the same element are detected with significant intensity within defined

wavelength and intensity threshold parameters (see Figure 4.7 (with reference emission

lines obtained from [52])).

This process constitutes a deterministic inference method grounded in experimental

knowledge, which, although not relying on statistical learning or machine learning models,

provides a high degree of reliability and interpretability [52].

Figure 4.7: Representative LIBS result for a painted wood sample: spectral peaks
compared with the contaminant emission-line reference table (match Ti), illustrating
targeted elemental identification.

4.3. Concluding Remarks

This chapter has addressed the analytical foundations of modal interpretation, providing a

detailed account of the computational architectures responsible for transforming sensory

signals, both visual and spectral, into structured and operationalisable inferences.

Together, these two models not only enhance the system’s level of analytical intelligence,

but also make it adaptable to a wide range of operational scenarios. Nevertheless, it

is essential to underscore that the true added value of the proposed architecture does
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not lie in the isolated effectiveness of each component, but rather in the integration of

both modalities, thus enabling synergies that surpass the inherent limitations of each one

individually, as we shall see in the next chapter.
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5. Multimodal Data Fusion and Integration

Strategies
Although both Computer Vision and LIBS spectroscopy have individually demonstrated

a high degree of analytical sophistication, the intelligence resulting from each modality

remains constrained by structural and semantic limitations inherent to their respective

domains. While an image, regardless of its resolution, does not reveal chemical compo-

sition, a spectrum lacks morphological context.

Rather than evolving as autonomous and self-contained modules, the models are now

required to cooperate, whereby the individual knowledge accumulated within each

modality is reused and fused into a new layer of joint inference, more informed, more

contextualised, and, above all, more robust to the variabilities of the operational envi-

ronment.

Multimodal fusion, here understood as the ability to synergistically combine visual inter-

pretation and spectral interpretation, thus emerges as the foundational asset of the

developed architecture. This integration forms the basis of a new layer of intelligence,

enabling more robust decisions. Therefore, the true challenge, and simultaneously the

potential, lies in designing an integration strategy that leverages the complementary

strengths of each model.

This conceptual repositioning is concretely expressed through three distinct operational

modes - “Matrix Mode”, “Singular Mode”, and “Continuous Mode” - designed to explore

varying degrees of integration, autonomy, and technical sophistication. This modular

organisation accommodates scenarios ranging from laboratory and academic contexts

to demanding industrial environments with high processing throughput, representing a

deliberate progression in terms of complexity and autonomy.

This chapter will discuss the conceptual and technical architecture of the adopted fusion

strategy, with a particular focus on the mechanisms of articulation between the visual

and compositional models. It will explore the concrete forms of coordination between

the Computer Vision and LIBS spectroscopy subsystems, as well as the performance

metrics associated with their joint operation. Finally, the chapter will present the different

operational modes developed, each reflecting progressively higher levels of functional

integration, tailored to scenarios with varying degrees of analytical demand and process-

ing throughput.
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5.1. Matrix Mode for High-Precision Mapping

The “Matrix Mode” offers a systematic and controlled approach, oriented toward detailed

and fixed-sample acquisition, while the subsequent modes introduce increasingly adap-

tive and context-aware intelligence, culminating in real-time response capabilities.

While still a unimodal approach, the “Matrix Mode” based exclusively on LIBS spec-

troscopy, this mode serves as the foundation for the subsequent multimodal modalities.

It was designed to replicate established methodologies of spectral mapping previously

explored in other LIBS systems developed at the INESC TEC Centre for Applied Photon-

ics, following a point-by-point acquisition principle.

Inspired by the traditional paradigm of two-dimensional scanning, the system performs a

systematic sweep across the surface of the sample along the x and y axes, resulting in

the generation of a spatial data matrix, also referred to as a spectral cube. At each two-

dimensional coordinate, an individual spectrum is acquired and associated, enabling the

reconstruction of elemental distribution maps with high spatial resolution, an approach

particularly suited to the detailed characterisation of surface heterogeneities.

In conventional LIBS systems, this strategy typically requires not only the immobilisation

of the optical system but also the controlled motion of the sample across automated

platforms. Generally, the sample is adjusted along the z-axis to ensure proper laser

focus and then moved with precision across the x and y planes while the acquisition

components remain fixed.

In contrast, the system developed in this project inverts the logic of relative movement

between components, while maintaining its underlying principles. In this configuration,

the sample remains stationary on the industrial conveyor belt, which is halted during

acquisition, while the Robotic System system (Gantry), coupled with the entire LIBS

module, including the laser and optical collection devices, is responsible for executing the

coordinated movement across the area of interest (see Figure 5.1 (showcase video [84])).

This structural change introduces additional flexibility, enabling the analysis of larger or

irregularly shaped samples, significantly expanding the range of materials that can be

characterised. The primary constraints are the Gantry system’s effective scanning area

and its minimum step resolution.
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Figure 5.1: Matrix Mode demonstration: left, schematic of the gantry-driven laser
raster scanning the halted sample on the conveyor; right, representative pictures
illustrating execution on a tile.

The execution and initialization of the process follow a level of simplicity comparable to

that of traditional LIBS systems, beginning with focus adjustment along the z-axis and

sample alignment within the analysis area. Operational parameters are then defined,

including the initial and final coordinates of the scan path, the number of matrix rows

and columns (which determine the spatial density of acquisition), and the scanning

speed. The resulting movement follows a zigzag trajectory, commonly referred to as a

“whiskbroom” scanning pattern, systematically covering each line of the defined matrix

(see Figure 5.1).

Although “Matrix Mode” provides extremely detailed chemical and morphological charac-

terisation, its applicability in industrial settings is limited, not due to inherent constraints

of the acquisition process itself, but due to its incompatibility with the continuous oper-

ational flow that characterises such environments. The requirement for the sample to

remain stationary throughout acquisition, deeming for a complete halt in the production

line for dedicated analysis, results in a lack of scalability and reduced processing

throughput. Nevertheless, this mode remains a valuable tool in laboratory or experimental

development contexts, where the priority lies in analytical precision and the detailed

representation of the elemental composition of samples, as in the case of cultural heritage

artifacts (see Figure 5.2 and Figure 5.3).
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Figure 5.2: Matrix Mode spectral mapping results for a tile: single-wavelength maps,
a vertical-layer composite, and a top-view contaminant mask that localises spectral
signatures.

Figure 5.3: Multi-channel spectral maps presented side-by-side to emphasise wave-
length-dependent spatial contrast across the analysed tile.

5.2. Singular Mode for Directed and Vision-Guided Analysis

In contrast with the meticulous but inherently static approach of the “Matrix Mode” the

“Singular Mode”, an intermediate successor in the system’s strategic evolution, emerges

as a step toward greater agility and adaptability, introducing a more dynamic and

context-aware operational model. Here, chemical analysis is guided by real-time visual

information, enabling each laser firing decision to be based on the morphological identi-

fication and position of the samples as they move along the conveyor line.
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This articulation between Computer Vision and spectral analysis translates into a more

refined operational capacity, in which the system not only detects objects of interest

but also determines, based on spatial and temporal, which should be analysed. The

paradigm of exhaustive and rigid coverage is thus replaced by a targeted and context-

driven operation, representing a critical advancement for high-throughput semi-industrial

or laboratory applications.

In this new hybrid mode, unlike the previous one, the samples move along the indus-

trial conveyor belt, enabling a continuous and fluid analysis. This configuration proves

particularly effective when the samples are sparsely distributed, being analysed individ-

ually through a single laser shot, perpendicular to the line flow. Each shot generates

an immediate result, allowing for real-time flagging of samples that exhibit predefined

critical contaminants, which could subsequently be sorted or removed automatically (see

Figure 5.4).

The vision system assumes a central role in this configuration. Through continuous image

acquisition and the application of the trained detection model, automatic segmentation

and classification of the samples is performed. The information gathered extends beyond

morphology or position and forms the basis for subsequent LIBS decisions. For each

identified sample, the geometric centre is computed from the generated bounding box,

which is employed as a simplified and computationally efficient representation of the

object, thereby defining the representative point for the laser shot and preceding oper-

ations.
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Figure 5.4: Focused operational pipeline for the Singular Mode, showing the ordered
sequence from sample intake and visual analysis through candidate assignment and
scheduling to fusion and actioning.

The effectiveness and reliability of the process are ensured by a dual-stage validation

procedure, both spatial and temporal in nature. In the first stage, the complete exit of the

sample from the field of view is verified, based on the intersection of its centre with a virtual

line strategically placed at the lower boundary of the captured frame (blue line, shown

in the schematic within the “candidate Assignment & Scheduling” block, see Figure 5.4).

This seemingly simple mechanism avoids errors caused by partial segmentations or

timing delays, which are common when the check is based solely on the image’s bottom

edge.

Next, the Gantry system’s response time is simulated, taking into account its motion

curve, to accurately estimate the time required to reach the predicted position of the

sample at the exact moment of analysis. Several dynamic parameters are considered,

including speeds, accelerations, and initial and final coordinates, allowing for comparison

between this calculated time and the interval available before the sample reaches the

laser’s operational zone. With this forecast, the system can anticipate whether a given

sample can be analysed in time, thus avoiding inefficient Gantry movements or failed

analyses. If a sample falls outside the viable window, due to, for instance, overlap with

others or positioning near the edge of the field, the system opts to skip it and redirect

resources toward subsequent samples within acceptable parameters.
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Figure 5.5: Singular Mode demonstration with sparse samples: left, schematic
illustrating the laser sweep/filter over the conveyor; right, selected frames from the
demonstration video showing targeted shots on isolated samples.

The careful management of samples along the conveyor is supported by a tracking

system based on the SORT algorithm, which allows for the individual identification and

monitoring of each detected sample. It assigns a unique identifier to every new object

entering the field of view and maintains its trajectory throughout the process. This

approach not only facilitates the matching between the captured image and the spec-

tral analysis obtained, but also ensures robust traceability of contamination decisions,

thereby enhancing system reliability. By combining visual records with unique numerical

tags, ambiguity in the correspondence between detection and chemical analysis is elim-

inated.

Once the viability of analysing a candidate sample with a specific marker is confirmed,

the LIBS analysis phase begins. The Gantry performs a fast unidirectional movement,

positioning the laser over the predefined point, where a single shot is executed (see

Figure 5.5 (showcase video [85])). While this localised approach does not allow for

exhaustive characterisation, it provides a representative reading of the sample’s overall

elemental content. It is important to recognize, however, that the localised nature of the

analysis may not detect contaminants that are distributed non-uniformly or within the bulk

of the sample, constituting an inherent limitation of this approach.

The spectral processing sequence follows the same principles described for the “Matrix

Mode”, encompassing the steps of acquisition, pre-processing, and classification. The
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results are then presented on a dedicated interface specifically developed for this

purpose, providing clear and accessible indications of the contamination class, captured

image, and other relevant information, such as the type of contaminant detected (see

Figure 5.6). This tool thus plays an essential and central role in process supervision and

in supporting informed real-time decision-making.

Figure 5.6: Dedicated user interface developed for the system, presenting the cont-
amination class, captured image, and complementary information such as the type
of contaminant detected.

5.3. Continuous Mode for Continuous Acquisition and Full Autonomy

Despite the optimizations introduced in the “Singular Mode” and its proven flexibility

in laboratory and semi-industrial contexts, it remains constrained by minimum spacing

requirements between samples and by the inherent physical and temporal limitations

associated with repositioning the Gantry system. In real industrial environments, where

processing rates are high and the density of transported materials challenges response

times, these constraints become particularly detrimental, directly affecting the scalability

and feasibility of the system in continuous operation.

To overcome these limitations and ensure an effective response to the demands of

modern production lines, the “Continuous Mode” was developed as the final stage in

the system’s strategic evolution. This new paradigm replaces the logic of discrete action

with uninterrupted operation, in which the Gantry module performs a constant oscillatory

movement along the transverse axis of the conveyor belt, synchronising with the motion
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of the samples and enabling continuous acquisition of spectral data (see Figure 5.7

(showcase video [86])). As such, chemical analysis transitions from an episodic to a fluid

and adaptive process, supported by a high and configurable pulse rate (up to 20 Hz),

eliminating the need for physical separation between samples and maximising the density

of acquired information.

Figure 5.7: Continuous Mode demonstration under high sample density: left,
schematic of oscillatory laser coverage across the moving conveyor belt; right,
frames from the demonstration video showing continuous operation on densely
packed samples.

This oscillatory operation introduces multiple advantages, not only in enabling the analy-

sis of multiple points per sample, but also in facilitating the characterisation of continuous

or adjacent areas. This expands the spatial representativeness of the readings and

provides a more robust and reliable mapping of the transported material. As such, this

approach effectively addresses the morphological and compositional heterogeneity of

the samples, making it particularly relevant in scenarios characterised by dense, irregular

flows with partially overlapping samples. Despite changes in acquisition dynamics, the

system’s core architecture maintains logical continuity with previous modes, particularly

during the initial stage of visual detection, segmentation, and classification of samples.

Each sample is identified upon entering the field of view and assigned a unique identifier

along with a high-precision digital mask that defines the regions of interest eligible for

LIBS analysis.
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However, the absence of physical and mobile feedback sensors at the tip of the LIBS

system, such as cameras or optical tracking sensors, introduced a new challenge, to

accurately anticipate the laser’s impact points on the physical plane of the samples,

taking into account the Gantry’s oscillatory motion. To meet this requirement, a predictive

methodology was developed based on mathematical modelling of the Gantry’s trajectory.

By experimentally collecting multiple displacement points, it became possible to recon-

struct the oscillation curve of the Gantry movement and, based on the configured laser

pulse frequency, calculate the predicted positions for each laser shot (see Figure 5.8).

Initially, each of these predicted points was individually checked for intersection with valid

regions of the segmented masks. However, this strategy proved too computationally

demanding and incompatible with the low-latency requirements of real-time operation.

In response, a more efficient model was devised in the form of a compact digital structure,

a “digital stamp”, that aggregates the entire laser trajectory and its simulated shots across

a complete oscillation cycle into a single unit. This stamp is divided into two halves,

corresponding to the positive and negative directions of oscillation, and is periodically

overlaid onto the global mask of segmented samples. This enables intersection checks

to be carried out simultaneously and vectorially.

Figure 5.8: Focused operational pipeline for the Continuous Mode, showing the
stamp-driven shot scheduling, gantry motion control and LIBS analysis feeding the
fusion and actioning stage.



FCUP | FEUP 50
Automation And Sample Classification Algorithms For Industrial Spectroscopy-based Systems

With this new operational model, the system becomes capable of truly continuous func-

tioning, successively analysing different regions of the conveyor belt without the need for

pauses, reconfigurations, or prior decisions based on discrete detections.

Finally, the results of the spectral analysis, following pre-processing and classification,

are integrated into a real-time supervision panel, similar to those used in previous modes

but now capable of handling multiple laser shots per sample. This panel clearly and

accessibly displays the detected contaminations, their spatial distribution, and provides

automatic identification of the areas to be removed or sorted.

5.4. Concluding Remarks

The evolution presented throughout this chapter reflects a deliberate and strategic

trajectory toward greater integration, adaptability, and operational intelligence within the

developed system. From the “Matrix Mode”, rooted in conventional laboratory practices,

to the “Continuous Mode”, capable of operating in high-throughput and complex indus-

trial settings, each configuration was designed to meet distinct technical and contextual

requirements, ensuring broad and scalable functional coverage.

The modular structure of the three operational modes does not merely constitute a

technical adaptation to the physical and temporal constraints of the environment, rather,

it represents a progressive materialization of the concept of multimodal fusion. By

synergistically combining the morphological acuity of Computer Vision with the compo-

sitional precision of LIBS spectroscopy, the system acquires the capacity to make more

informed and context-aware decisions, thereby overcoming the inherent limitations of

each modality in isolation.

Each mode should not be regarded as an end in itself, but rather as a step within an

adaptive architecture, where resources are mobilized proportionally to the demands of

the operational scenario.
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6. Conclusion
The work developed in this dissertation focused on the exploration of the fusion and

synergy between two distinct, yet intrinsically complementary technologies: computer

vision and LIBS. The motivation was grounded in the conviction that the combination

of heterogeneous data streams, morphological and compositional, could give rise to a

more comprehensive, robust, and reliable inspection system, overcoming the limitations

associated with the isolated use of each modality. During the course of this research,

it also became evident that a gap exists in the state of the art regarding the effective

integration of these technologies in dynamic, high-throughput industrial environments.

This ultimately manifestsnin the absence of mature solutions, which reinforces the

relevance and timeliness of the work, moving towards the development of a hybrid

solution, composed of a physical layer (hardware), responsible for data acquisition and

synchronisation, and a digital layer (software), dedicated to data processing, fusion, and

decision-making.

Based on this structure, we designed and implemented different operational modes,

tailored to address distinct scenarios and temporal requirements. Overall, the results

enclosed in the thesis demonstrate that multimodal integration is not only technically

feasible but also adds substantial value, resulting in significant improvements in system

selectivity, reliability, and adaptability.

Nonetheless, as we put the work in a broader perspective, it is also important to

acknowledge the limitations identified, which are inevitable in any innovative process.

Focusing specifically on the operational modes with greater industrial orientation, the

“Singular Mode” and “Continuous Mode” present operational constraints that limit their

immediate applicability in real production lines. Starting with the “Singular Mode” it may

prove useful in laboratory contexts, low-throughput production lines, or situations where

selective analysis of individual samples is required. However, its effectiveness is reduced

in high-throughput environments, as its operational logic relies on the analysis of sparsely

positioned samples on the conveyor belt. Regarding the “Continuous Mode”, although

the software demonstrates the capacity to cope with the high throughput of industrial

environments, the available hardware revealed significant limitations. In particular, the

oscillatory scanning of the LIBS system generates dead zones, preventing full coverage

of the analysed surface. Some mitigating measures, such as increasing the speed of the

robotic movement system (gantry) or reducing the speed of the motorised conveyor, may
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alleviate the problem, but carry the risk of compromising the overall process balance.

A more promising strategy, aligned with the multimodal philosophy, lies in adopting

statistical and inferential approaches capable of extrapolating reliable information from

effectively analysed regions, thereby mitigating the system’s physical limitations.

These considerations highlight that, beyond the advancements already achieved, there

remain clear opportunities for further development that can be explored in future work.

Nevertheless, the results obtained demonstrate that the true strength of the system

resides precisely in the articulation between modalities, rather than in their isolated

exploitation, reinforcing the potential of the multimodal approach as a solid pathway for

high-demand industrial applications.

6.1. Perspectives and Future Work

The final reflections of this work make it clear that, although the fusion of computer vision

and LIBS already represents a significant advancement, the true potential of the multi-

modal approach is far from being fully realised. The limitations identified in the operational

modes developed, as well as the opportunities opened by the concept of integrating

heterogeneous information sources, highlight clear avenues for future development.

Some potential directions for future research include:

• Expansion of the multimodal paradigm: Beyond the combination explored in

this dissertation, it is feasible to integrate additional diagnostic and characterisation

techniques, such as Raman spectroscopy, hyperspectral imaging, or X-ray fluores-

cence. These resources are already available within the specialisations of the

Applied Photonics research group at INESC TEC. Such an expansion would further

enrich the fusion of heterogeneous data, enhancing the capacity for contaminant

detection and characterisation across different materials.
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