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ABSTRACT

The application of thermography, as a non-destructive technique to evaluate pathologies
in buildings where destructive tests are unfeasible or difficult to perform, stands out as a
valuable tool with high potential. InfraRed Thermography (IRT) offers the ability to
identify structural pathologies and abnormalities by inspecting thermal radiation from
building surfaces. While widespread, the applicability of IRT is generally constrained by
the quality of the resultant thermal images as well as their interpretative subjectivity. The
aim of this research is to circumvent these shortcomings by developing an automatic
system for the identification of construction pathologies using thermal images, which

would make building inspections more accurate and efficient.

The approach employed in this work involved the collection and categorization of a
database of thermal images, which served as the foundation for developing the automatic
detection tool. The research process was structured into several primary phases, including
problem definition, data collection, image processing, implementation of software, and

assessment.

The results of this study confirmed the instrument to be useful in detecting and mapping
construction irregularities. The presence of noise in the thermal images, nonetheless,
posed a significant threat to the accuracy of the detection process. Comparative studies
indicated that color detection methods outperformed percentile-based methods in terms
of accuracy and reliability. The image processing functions were highlighted, although

drawbacks like fixed resolution and potential memory utilization issues were noted.

In conclusion, this research contributes to automated pathology detection in building
diagnostics using infrared thermography. The developed tool can potentially assist
technicians with a more efficient and objective means of interpreting thermal images. The
tool's performance should be further enhanced, with the inclusion of machine learning
algorithms for improved accuracy, and the database populated to enable stronger neural
network training. Additionally, the incorporation of a report features to categorize
discovered pathologies by extent of damage would also make the tool more realistically

functional.

Keywords: Automatic detection; InfraRed Thermography; InfraRed images.



RESUMO

A aplicacdo da termografia, como técnica ndo destrutiva para avaliar patologias em
edificagdes onde os ensaios destrutivos sao inviaveis ou de dificil execucao, destaca-se
como uma ferramenta valiosa e de alto potencial. A termografia infravermelha (IRT)
oferece a capacidade de identificar patologias e anormalidades estruturais inspecionando
a radiagdo térmica das superficies dos edificios. Embora difundida, a aplicabilidade ¢é
geralmente limitada pela qualidade das imagens térmicas resultantes, bem como por sua
subjetividade interpretativa. O objetivo desta pesquisa ¢ contornar essas deficiéncias
desenvolvendo um sistema automatico para a identificagdo de patologias construtivas

usando imagens térmicas, o que tornaria as inspegdes prediais mais precisas e eficientes.

A abordagem empregada neste trabalho envolveu a coleta e categorizagdo de um banco
de dados de imagens térmicas, que serviu de base para o desenvolvimento da ferramenta
de detec¢do automatica. O processo de pesquisa foi estruturado em varias fases primarias,
incluindo definicdo do problema, coleta de dados, processamento de imagens,

implementa¢ao de software e avaliagao.

Os resultados deste estudo confirmaram que o programa ¢ 1til na detec¢do e mapeamento
de irregularidades na construgdo. A presenga de ruido nas imagens térmicas, no entanto,
representou uma ameaca significativa a precisdo da deteccao. Estudos comparativos
indicaram que os métodos de detec¢do de cores superaram os métodos baseados em
percentil, em termos de precisdo e confiabilidade. O processamento de imagem fora
destacado, embora tenham sido observadas desvantagens como resolucao fixa e possiveis

problemas de utilizagdo de memoria.

Em conclusdo, esta pesquisa contribui para a detec¢do automética de patologias em
edificios usando termografia infravermelha. A ferramenta desenvolvida pode auxiliar
técnicos com um meio mais eficiente e objetivo de interpretar imagens térmicas. O
desempenho da ferramenta deve ser aprimorado ainda mais, com a inclusdo de
aprendizado de maquina para maior precisdo e banco de dados para permitir um
treinamento da rede neural. Além disso, recomenda-se a incorporacao de funcionalidades
de relatério que permitam categorizar as patologias identificadas conforme a extensao dos

danos observados.

Palavras-chave: Deteccdo automatica; Termografia infravermelha; Imagens

termograficas.
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1. INTRODUCTION

1.1. Framing

The use of inspection and diagnostic techniques that are non-destructive and capable of
assessing pathologies in buildings is of great value, since a lack of prevention and
consequent late and/or wrong maintenance can significantly impact on the performance

of buildings with possible relevant economic consequences [1].

Infrared thermography (IRT) has stood out when it comes to detecting pathologies
without the use of destructive means [2]. However, its effectiveness can be affected as it
requires a rigorous interpretation and analysis of the data collected and made by

specialized technicians [3].

In addition, the quality of the images themselves can be an additional factor of uncertainty
that conditions the evaluation. In this sense, the automation of this interpretation presents
itself as a solution to minimize evaluation errors. In thermal image processing, the
application of techniques aimed at detecting specific anomalies presents additional

challenges [4].

For example, images captured by RGB cameras or visible spectrum-sensitive cameras
have a higher resolution than cameras used in IRT applications, conditioning the direct

use of available tools for the processing of real images [5].

In this work the intent is to develop a tool that allows the identification, mapping and
classification of pathologies in buildings, based on criteria of the limit conditions of
surface temperature variation. This task will be supported in a compilation and

organization of a set of thermal images, which will work as database.
1.2. Research objectives
1.2.1. General Objective

The main objective of this research is to develop a software tool for the analysis and
processing of thermal images, aimed at the automatic detection and identification of

building pathologies.
1.2.2. Specific Objectives

To achieve the main objective, a set of specific objectives were established:

13



Compile and organize a set of thermal images that work as a database to support
the development of the tool.
Establish limit conditions for temperature variation that allow the identification
and mapping of pathologies.

Program the conditions established in a tool and test it in at least two case studies.

1.3. Methodological approach

The progression of this research assumed a methodical flow that starts with thermal image

acquisition and processing, leading to field deployment and validation of software created

for automated pathology detection. The process implemented can be outlined in the

phases below and in the Figure 1:

14

Problem Identification and Objectives:
o The determination of constraints encountered in the evaluation of
pathologies in buildings.
o Formulation of guidelines for the automation of the detection process.
Data collection:
o Utilization of thermal imagery of the article.
Image processing:
o Application of image filtering and segmentation techniques.
o Thermal calibration for delivering precision in anomaly detection.
Software Development:
o Programming of pathology detection algorithm.
o The development of a graphical interface for enhancing the usability of
the tool.
Assessment and verification:
o Evaluation of the tool in different settings and comparison with manual
testing.

o Performance measures, i.e., hit rate.

Problem
Identification Data Image Software RS
X . collection rocessin Development .
and Objectives £ g P verification

Figure 1- Methodology flowchart.
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1.4. Thesis Structure

The current research is presented in five individual chapters. Chapter 1 presents the
overall topic and provides background information on the application of thermal imaging

and the development of software that will contribute to the analysis of thermal images.

Chapter 2 is a literature review of thermographs and their application in building

inspection and discussion regarding methods to automate anomaly detections.

Chapter 3 outlines the general research approach taken, providing information on data

collection procedures, image processing tasks, and software development.

Chapter 4 presents the key findings derived and offers analysis of the data collected from

the thermal images.

Chapter 5 is a reflection on the findings, their limitations, implications, and contribution

to literature, and recommendations for improvement and avenues for future research.

15



2. STATE OF THEART

2.1. Fundamentals
2.1.1. Importance of the inspection for the preservation of buildings

Inspection is a key component in the operation and maintenance of buildings, especially
in a context where the longevity and safety of the constructions are fundamental. With
the increased exposure of existing structural designs to aggressive environmental agents,
regular inspection has become an essential procedure to ensure the durability and integrity

of buildings [6].

An inspection authorizes the initial detection of pathologies, such as cracks, corrosion of
reinforcement, carbonation and other degradation situations, which can influence the
structural capacity and safety of users. The inspection then contributes to preventive

maintenance, avoiding short-term repair expenses and preventing fatal failures [6].

With current standards such as Eurocode 2 of 2023 and the guidelines of the American
Concrete Institute (ACI) in the year 2022, the role of inspection is reinforced, highlighting
the importance of continuous monitoring, recurring evaluation of buildings and certifying
the safety of structures. Inspections not only ensure the safety and functionality of
buildings, but also contribute to its sustainability, contributing to global waste reduction

and resource conservation goals [7], [8], [9].
2.1.2. Durability of concrete and the effect of water

The consideration of the durability of concrete was not initially contemplated in the first
national regulations, being introduced only with the advent of the Regulation of
Reinforced and Prestressed Concrete Structures (REBAP) in 1983. Subsequently, the
importance of durability was duly recognized and incorporated into the new regulations
of several countries, including those of the European Union, becoming a fundamental
criterion in the design of reinforced concrete structures [10]. The [11] standard establishes
that a durable structure must satisfy, throughout its useful life, the requirements of use,
strength, and stability, considering the actions on the structure, deformations, and

environmental conditions.

Understanding and applying concrete protection techniques is of paramount importance
to ensure the durability and strength of structures built with this material. Concrete,

widely used in construction, is susceptible to various degradation factors over time. By
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adopting preventive measures, such as regular maintenance and choosing the most
appropriate techniques for specific inspection, it can contribute to the sustainability of

concrete, extending its useful life and ensuring its long-term integrity [12].

The growth of civil construction has driven technological development, expanding
knowledge about structures and materials through studies and analysis of previous errors.
Despite this advancement, some inevitable unintentional failures persist. Structural
degradation, which involves changing the shape of the structural element, results from a
series of failures and factors that compromise structural performance, leading to early
deterioration. Promptly identifying these pathologies is essential to prevent serious

structural problems [12] [13].

With the continuous exposure of concrete structures to deteriorating agents such as water,
wind, and carbon dioxide, accompanied by poor maintenance, damage is plausible. The
primary causes of water infiltration in building envelopes include the penetration of
rainwater, condensation, and capillary rise of groundwater in cases where the foundations

are not properly waterproofed [14], [15] .

These adversities can manifest themselves in a variety of ways, including biological,
physical, chemical, or mechanical damage. In addition, mistakes made in the design,
production, and construction phases contribute to the emergence of pathologies in
structures [12]. Water is one of the causes the most significant pathologies, since it can
infiltrate the concrete through pores, cracks, and capillary action, with that it can weaken
the durability, structural integrity and appearance of the material. The pathologies related

to water are:

Fissures and Cracks: In cold climates concrete suffers with freeze-thaw, when the water
infiltrates the concrete with the expanding and formation of cracks and fissures (Figure
2). In arid climates the evaporation of the water can shrink the cracks. The cracks can
make the structure weaker and create pathways for more water and aggressive agents to

penetrate the concrete, causing the acceleration of the deterioration [16], [17].
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Figure 2- Cracking of concrete [18].

Efflorescence: These pathologies are made when the water dissolves the salt inside the
concrete and bring them to the surface (Figure 3), these salts crystallize as the evaporation
of the water occurs. Initiating white deposits compromised the aesthetic appearance of
the structure. In extreme cases this efflorescence can lead to spalling or flaking, and with

that can expose concrete to more damage [19].
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Figure 3- Diagram of the formation of efflorescence on concrete. Adapted from [20].

Corrosion of Reinforcement: This is one of the most serious pathologies that water can
cause. When water penetrates the structure, especially when associated with chlorides and
other types of salts, and reaches the reinforcement, the corrosion process begins,
weakening the steel and expanding it, causing it to generate internal stresses, which leads

to cracking in the structure, chipping, and delamination of the concrete [21], [22].
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Figure 4- Types of corrosion of a steel bar [18].

Leaching: The cause of leaching occurs when water dissolves and removes calcium
compounds from cement, which leads to weakening of the concrete. This type of
pathology is common in structures that are exposed to running water, such as in dams,
pipes, and sewage systems. This pathology over time reduces the strength of concrete and

increases its permeability, making it more susceptible to other pathologies [23].

Carbonation: With water facilitating the creation of calcium carbonate due to the
reaction of carbon dioxide (CO:) found in the atmosphere, and calcium hydroxide from
concrete. This combination reduces the pH of the concrete, causing the passive layer that
protects the reinforcement to be destroyed, thus making the reinforcement more prone to
corrosion. This process is slow, but it considerably reduces the useful life of the structure

[24].

Alkali-Aggregate Reaction (AAR): In the alkali-aggregate reaction, water is the main
element of the chemical process that occurs between cement alkalis and some types of
aggregates. This process forms a gel that absorbs water and expands. This expansion
causes internal stresses, which lead to cracks and deformations in the concrete. This
pathology becomes a problem when the structure is exposed to humidity for long periods

[25]. The aforementioned process is illustrated in Figure 5.
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Figure 5- Development of the alkali-aggregate reaction in concrete. Adapted from [18].

Biological Growth: With the growth of microorganisms, such as algae, fungi and
bacteria, caused by water on the surface of the concrete, there is a production of acids that
degrade the concrete, which leads to erosion on its surface and increased porosity, which
can cause other pathologies and the blockage of drainage systems, causing accumulation

of water and more damage [26].

Considering the pathologies, it is essential to inspect and assess the condition of the
structure. Although destructive testing methods can be employed for this purpose, their
application becomes impractical if the structure is in operation. Consequently, the
adoption of non-destructive techniques, such as IRT, has become necessary. This method
offers significant advantages including real-time diagnosis, remote application, and the

ability to assess structural conditions without causing damage [27], [28], [29], [30].
2.1.3. InfraRed Thermography

The Non-Destructive Testing (NDT) provides valuable information about buildings,
supporting research applicable to various fields. This technique enables the identification
of wall components, structural supports, and physical damage, facilitating a

comprehensive assessment of the building’s condition [3].
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The IRT is based on measuring the InfraRed (IR) radiation emitted by a material by means
of photoelectric sensors sensitive to the IR spectrum and installed inside an IR camera,
converting it into a thermal image (single measurement) or a thermal image sequence

(measurement over a specific period) [31].

IRT is a NDT that utilizes cameras to detect and measure thermal radiation emitted by
objects, allowing for a direct reading of the surface temperature of the inspected subject
[32]. The application of the method is conducted without physical contact, making it a
non-invasive technique for obtaining important information. The results are presented as
a thermogram - an electronic image that illustrates the temperature distribution across the
analyzed surface (Figure 6). Besides the immediate information concerning surface
temperature distribution, this type of measurement can be particularly effective in

detecting air leakage, heat losses, and moisture-related issues [32], [33].

The primary advantages of this method include the ability to identify affected areas and
structural defects through qualitative analysis, as well as estimate the depth of damage
via quantitative assessment. Additionally, it enables remote measurements, real-time
operation, and the generation of easily interpretable 2D and 3D imaging results. This
technique also offers high precision, rapid scanning capabilities, and eliminates the

emission of hazardous radiation, enhancing both efficiency and safety [31], [34], [35].

Figure 6- Thermal imaging
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2.1.4. Image interpretation: Passive vs Active and Qualitative VS

Quantitative

There are two possible methods of using infrared thermal imaging in buildings: passive
and active. Passive IRT involves observing buildings under natural conditions, when the
temperature gradient between indoor and outdoor temperatures is high enough to reveal
thermal irregularities. With active InfraRed Thermography, on the other hand, the
building is subjected to an external thermal stimulus, and its response is analyzed. This is

a common practice in NDT of materials [36].

As for qualitative analysis versus quantitative analysis, qualitative analysis in IRT
involves visual inspection of thermal images to detect anomalies such as moisture
penetration, insulation gaps, and structural defects. The method leverages the observer's
expertise in identifying patterns and deviations, without the need for precise
measurements. As pointed out by [37], qualitative IRT is best suited for preliminary
surveys and rapid inspections of large areas, making it a very practical tool for preliminary
surveys of historic buildings. Furthermore, [38] demonstrated the feasibility of qualitative
IRT for automated detection of moisture in various building materials and its usefulness
in rapid inspections. Their flexibility and speed are suitable for qualitative analysis where
immediate feedback is required, although this depends on the practitioner's experience

and may not have the precision required for detailed assessments.

On the other hand, quantitative IRT analysis focuses on the measurement and quantitative
assessment of thermal information, providing precise temperature values and enabling
the calculation of thermal properties such as thermal resistance and heat loss. This is a
prerequisite for detailed analysis such as energy audits and material testing, where
accurate information is essential for effective decision making. [39] reported on the
technical issues of quantitative IRT and its application in nondestructive testing and
temperature measurement. [40] also used quantitative IRT to measure the thermal
transmittance of non-uniform walls and demonstrated that it can provide objective and
reproducible results. Although quantitative analysis has several advantages, it requires
more advanced equipment and expertise and is more time-consuming than qualitative

methods.
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2.1.5. New approaches to automatic detection/pattern recognition in IRT

Image analysis from images acquired with IRT has conventionally been performed by
visual observation and identification of pathological situations by subjective judgment.
Even though the technique permits detection of moisture-affected areas, it does not
provide accurate information on the geometry or severity of the damage. The practice
thus introduces variability depending on the operator and compromises the overall
efficiency of the inspection procedure [30]. Since inspections can deal with a huge
number of images that need close and accurate examination, the constraints of manual

processing become increasingly obvious.

To overcome these difficulties, various machine learning techniques have been devised
to enhance data extraction from IRT images [41]. The performance of these methods has
been shown to outperform others on a wide range of applications [35]. Convolutional
Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Autoencoders (AEs),
Constrained Boltzmann Machines (RBMs), and Generative Adversarial Networks

(GANSs), have gradually gained application [42].

The use of such sophisticated machine learning methods makes possible the automatic
detection and identification of patterns in IRT images, thus improving accuracy and
efficiency of the inspection. This method not only reduces subjectivity in manual
interpretation but also enhances the efficiency of handling large datasets. The [43] showed
the application of neural networks for the detection of linear thermal bridges from
InfraRed thermal images with high precision, recall, and F-score. This finding suggests

the capability of these kinds of approaches in improving the accuracy of inspections.

Additionally, the combination of IRT with Unmanned Aerial Systems (UAS) has further
extended the range of thermal inspection capabilities, especially for inaccessible areas.
[44] also pointed out the application of UAS to capture thermal images of building
envelopes and, by merging them with photogrammetry, the ability to generate 3D thermal
models. This methodology offers an integral perspective on building thermal
performance, enabling the detection of thermal irregularities and enhanced energy

efficiency evaluations.

Additionally, the combination of IRT and visual inspection methods has been shown to
enhance the efficiency of defect detection in buildings. [45] reported the use of IRT to

detect defects such as moisture and cracking in building components, demonstrating that
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although IRT is good for significant defects, it underestimates architectural defects. This
calls for the application of more than one inspection method to derive a general

assessment of building conditions.

Finally, the machine learning advancements and the combination of IRT with other
technologies, like UAS and photogrammetry, are revolutionizing building inspection.
These advancements not only increase inspection accuracy and speed but also provide
useful insights into the thermal performance of buildings, helping to improve

maintenance practices.

In addition, the application of multiscale analysis methods, namely empirical
multidimensional set decomposition (MEEMD) when combined with principal
component analysis (PCA), has proven to be effective in improving the detection of

structural features in infrared thermal images [46], [47].

The technique allows for improved analysis of the thermographic data through its
decomposition into various spatial scales, thereby enhancing the detection of the

structural characteristics of the materials [48].

Application of object detection models enabled by deep learning, particularly those
supported by TensorFlow 2.0, has been successful in thermal image analysis. Models like
"EfficientDet D0 512x512" and "SSD ResNet50 V1 FPN 640x640" have performed well
in classification loss and detection accuracy and can be applied in temperature tracking

and security systems [49].

All these developments exemplify the potential for integrating machine learning with IRT
to overcome the limitations of traditional manual inspection methods, toward more

accurate and efficient solutions in building inspection and maintenance.
2.2. SYSTEMATIC REVIEW

Given the increasing interest in fields such as research, training, and education, a
comprehensive literature review was conducted following the Preferred Reporting Items,
for Systematic Reviews and Meta Analyses (PRISMA) protocols. This approach
enhances the transparency of the research methodology and ensures the reproducibility

of findings by other researchers [50].

Systematic reviews adhere to a structured set of procedures, which can be divided into

distinct yet interrelated stages, as illustrated in Figure 7. Prior to conducting a review, it
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is crucial to define the research question and the methodologies that will be employed to
address it. This process is typically documented in a "protocol" before initiating the
review. Developing a protocol or methodological plan is a fundamental step in the review
process, as it enables the research team to establish a consensus on the scope of the study
and the approaches to be utilized in addressing key inquiries. The level of detail and
development of review protocols may vary depending on the specific requirements of the

study [51].

Develop
research Coding studies Assess the quality

question

of studies

Design conceptual Select studies using
framework selection criteria

Construct selection } Develop search
criteria strategy

Figure 7- The systematic review processes [51].
The process began with the identification of relevant content within the Web of Science
Core Collection, focusing on key phrases in the titles, abstracts, and keyword fields of the
articles. A comprehensive search strategy was developed to maximize the retrieval of
pertinent results. The extensive range of terms associated with decision fatigue prompted
examining titles and keywords from existing review articles. This facilitated the ability to
identify various spellings, word variations, synonyms, and related concepts pertaining to

IRT and buildings in the context of construction. Boolean operators were employed to
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refine our search, using terms such as "MUST INCLUDE" and "SHOULD INCLUDE"
to ensure comprehensive coverage of all relevant focus areas, as well as wildcards ("*")
to expand the scope by substituting characters and capturing multiple variations of a

phrase. The three groups of keywords used in our search strategy are outlined in Table 1.

Focus Keywords

Topic: Machine learning “Machine learn*”

Research question: InfraRed o o )
Building; engineering; moisture.
Thermography

] o Infrared thermography; quantitative infrared
Purpose: Evaluation; Quantitative;

thermography; nondestructive evaluation; defect
Defect

detection.

Table 1- Keywords selection for machine learning systematic literature review.

2.2.1. Inclusion and exclusion criteria

As previously noted, the first phase of the methodology involved conducting a keyword
search across the selected databases, which resulted in the accumulation of 133 records.
Subsequently, several inclusion criteria were established to filter and screen the results,
as follows: 1) publications dated between 2019 and January 2024 (the last five years); i1)
research topics must fall within the fields of engineering, materials science, or

mathematics; iii) duplicates were excluded; and iv) only journal articles were considered.

Applying these criteria led to the rejection of more than half of the initially identified
articles. The original set of 147 articles was thus reduced to 12 relevant sources for the
research. Most of the articles found are from United States of America, with a total of 3,
followed by Portugal, Spain, and South Korea, each contributing 2 articles. China,

Poland, and Canada accounted with 1 article each, as shown in Figure 8.
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Articles

Figure 8- Distribution According to Countries of Origin.

To help explore the research themes within IRT, a visual map was generated using
VOSviewer software, as shown in Figure 9. This map illustrates the relationships between
terms, with node size and label reflecting the frequency of keywords, while the thickness
of the lines indicates the strength of the connections between the terms. Analyzing the
map o Figure 3 it is possible to observe that the main continent that writes about

thermography is Europe, and the main country is Spain with 10 articles.

Prior to the application of the inclusion criteria, Figure 10 displays the bibliometric word
network, representing the data before the exclusion of irrelevant articles, and the Figure
10 shows the data after the exclusion. Additionally, in the diagram, clusters or groups of

items with similar or distinct characteristics are distinguished by color [50].
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Figure 10- Keywords of the chosen articles [52].

When analyzing Figure 10, seven main clusters can be identified: "Thermography"
(yellow cluster), "Infrared Thermography" (green cluster), "Building envelope" (purple
cluster), "U-value" (blue cluster), “Thermal Bridge” (red cluster), “Thermal
Transmittance” (orange cluster), and “Non-destructive testing (NDT)” (magenta cluster).
The keyword co-occurrence analysis plot provides some useful insights: first, all clusters
are interrelated, with the keyword “thermography” and “infrared thermography”,

indicating that they are the most usable words in the articles that pass the selection criteria.
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2.2.2. Main findings of the results

The eligible articles are presented in Table 2. It is evident that most of the articles focus

on thermal imaging, with few addressing the field of automatic detection. Based on the

existing literature, it can be concluded that the integration of automation in thermal

imaging remains an underexplored and emerging area of research.

Authors

Title

[30] Garrido, I, Barreira,
Almeida, RMSF; Laguela, S

E;

Introduction of active thermography and automatic defect
segmentation in the thermographic inspection of specimens of
ceramic tiling for building facades.

[43] Kim, CM; Choi, JS; Jang, H;
Kim, EJ

Automatic Detection of Linear Thermal Bridges from Infrared
Thermal Images Using Neural Network.

[44] Gil-Docampo, M; Sanz, JO;
Guerrero, IC; Cabanas, MF

UAS IR-Thermograms Processing and Photogrammetry of
Thermal Images for the Inspection of Building Envelopes.

[45] Anuar, MZT; Sarbini, NN;
Ibrahim, IS; Othman, SH; Reba, MN

Building condition ratings using infrared thermography: a
preliminary study.

[48] Tu, K; Ibarra-Castanedo, C;
Sfarra, S; Yao, Y; Maldague, XPV

Multiscale Analysis of Solar Loading Thermographic Signals for
Wall Structure Inspection.

[49] Sharrab, YO; Al-shboul, S;
Alsmira, M; Khalifeh, A; Dwekat,
Z; Alsmadi, I; Al-Khasawneh, A

Performance Comparison of Several Deep Learning-Based Object
Detection Algorithms Utilizing Thermal Images.

[53] Almeida, ASFCE; Ornelas,
AJA; Cordeiro, AMR

Passive thermography in the diagnosis of pathologies and thermal
performance on building facades through a thermal camera
installed on a drone. Preliminary approach in Coimbra (Portugal).

[54] Chidurala, V; Li, XR

Occupancy Estimation Using Thermal Imaging Sensors and
Machine Learning Algorithms.

[55] Dafico, LCM; Barreira, E;
Almeida, RMSF; Vicente, R

Machine learning models applied to moisture assessment in
building materials.

[56] Li, ZS; Jin, YK; Liang, XG;
Zeng,JY

Thermography evaluation of defect characteristics of building
envelopes in urban villages in Guangzhou, China.

[57] Mahmoodzadeh, M; Gretka, V;

Evaluating Patterns of Building Envelope Air Leakage with

Wong, S; Froese, T;
Mukhopadhyaya, P Infrared Thermography.
[58] Sadhukhan, D; Peri, S;

Sugunaraj, N; Biswas, A; Selvaraj,
DF; Koiner, K; Rosener, A;
Dunlevy, M; Goveas, N; Flynn, D;
Ranganathan, P

Estimating surface temperature from thermal imagery of buildings
for accurate thermal transmittance (U-value): A machine learning
perspective.

Table 2 - Authors and Articles.

The methodology proposed in this study [30] focused on an alternative mode of
improving accuracy while also reducing subjectivity by automating defect segmentation.
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The approach was therefore divided into three stages: pre-processing, core processing,
and post-processing. Images of thermal nature were segmented into smaller areas for
sharpening during pre-processing. Identification of different thermal patterns based on
their histogram analysis from overlapping images was done within core processing.
Finally, the spatial and temporal filters used were thought to minimize false positives in
post-processing. However, although the method has successfully enabled automated
defect identification, this method becomes too complicated as it relies heavily on the

implementation of neural networks and deep learning techniques.

The 'Automatic Detection of Linear Thermal Bridges from Infrared Thermal Images
Using Neural Networks' [43] describes a procedure for the determination of linear thermal
bridges in building skins through advanced image processing and machine learning
approaches. The method includes clustering of thermal anomaly regions, extraction of
relevant features, and application of ANN for the final thermal bridge detection. To
evaluate the proposed methodology, the authors compared it against ground truth data to
reach high precision, recall, and F-score values. It indicates that the technique which
comprises image processing and machine learning approaches, especially artificial neural
networks, very significantly improve thermal performance assessment in building

envelopes regarding accuracy and efficiency.

The integration of Infra-Red thermography (IRT) and photogrammetry in the inspection
of building envelopes is studied by using this article "UAS IR-Thermograms Processing
and Photogrammetry of Thermal Images for the Inspection of Building Envelopes" [44].
The research highlights the fact that the combination of thermal images captured by
Unmanned Aerial Systems (UAS) with advanced photogrammetric software enhances the
data analysis and interpretation process in identifying structural anomalies without

contact and will improve such accuracy and efficiency in future.

The [48] article under the title "Building Condition Ratings by Applying Infrared
Thermography: A Preliminary Study" defines the Non-Destructive Testing (NDT)
category of infrared thermography, which is used to detect building defects owing to
cracks, water penetration, dampness, as well as structural irregularities. This study
mentions that there is good improvement brought in by the incorporation of IRT because
it is combined with conventional visual inspections. The authors eventually mention

about footnoting extensive research into the validation of the use of IRT in building
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diagnostics, but say that his usage, when combined with visible inspections, scales better

and is more accurate in interpreting large datasets of thermal images.

The work [48] proposed a multiscale analysis of thermographic data by means of a
combination of Multidimensional Empirical Mode Decomposition (MEEMD) and
Principal Component Analysis (PCA). MEEMD decomposes thermographic images into
different spatial scales, thus enabling the separation of structural information from noise
and thermal backgrounds. The next step is to apply PCA toward the discovery of the most
significant features in the data for compressing information and emphasizing the most
meaningful structures. Such theoretical ground was demonstrated experimentally in the
testing of concrete walls, within which a higher accuracy was achieved by detecting
structures like sealed doors and slabs. While the methodology is highly complex, it works
away subjectivity by completely relying on well-defined mathematical principles.
However, detection analysis may be automated by programming techniques for human
operationalizing purposes. This brings various advantages: it reduces human error,
ensures consistent evaluation and allows processing on a large scale with little to no
manual intervention. In addition, when a complete framework is integrated with machine
learning techniques, it would further enable continuous refinement of automated models
and improvement of their prediction over time. While cost and operation could be
drawbacks, strides in optimization and hardware enable ever quicker and scalable

thermographic analyzed solutions.

The study, "Performance Comparison of Several Deep Learning-Based Object Detection
Algorithms Utilizing Thermal Images" [49] assesses six deep learning algorithms in terms
of their ability to detect objects using thermal images: SSD, ResNet, MobileNet,
EfficientDet, Faster R-CNN, and YOLO. The dataset consisted of only 56 images,
therefore, the transfer learning process applied pre-trained models. Results indicated that
EfficientDet recorded the highest accuracy and classification loss, followed by Faster R-
CNN. Hence, it can be inferred from the abovementioned findings that EfficientDet is the
most suitable algorithm for thermal image object detection, and Faster R-CNN provides
satisfactory results. It illustrates the application of passive IRT for diagnosing building
pathologies and evaluating the thermal performance of facades in Coimbra, Portugal. By
performing a thermal inspection with a camera mounted on a drone, the study aspires to
ease the inspection of high-rise and inaccessible edifices. It is meant to diminish

intrusiveness and accelerate data collection. According to the authors, while aerial
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thermography is efficient, it has a major disadvantage: noise is higher in thermal images
due to excess features of the urban landscape, making interpretation quite hard. Therefore,
it would be helpful to have an automatic system that segments out the relevant area and

pulls out the temperature data needed to greatly improve accuracy and speed the analysis.

The paper "Occupancy Estimation Using Thermal Imaging Sensors and Machine
Learning Algorithms" [54] discusses occupancy estimation in smart buildings using low-
resolution thermal imaging sensors in combination with machine learning techniques.
This non-invasive method may serve security, surveillance, traffic management, and
resource optimization endeavors. Three thermal imaging sensors were examined for
different resolution characteristics with emphasis on sensing characterization and
accuracy on occupancy estimation. A standard algorithm processing pipeline is proposed
for occupancy estimation, comparing the results from the three sensors, which confirms
that low-resolution thermal imaging sensors can estimate occupancy in real time with
high efficacy despite their poor resolution. Hence, it further establishes the capability of
integrated solutions for accurate real-time occupancy estimation using thermal imaging
sensors and machine learning algorithms in smart buildings, which in turn serve as a non-
intrusive solution to operational efficiency in monitoring and management of occupancy

in buildings.

"Machine Learning Models Applied to Moisture Assessment in Building Materials" [55]
discusses how artificial neural networks (ANNs) were used for predicting moisture
content in building materials from the surface temperature. The non-destructive
measuring method greatly enhances accuracy and efficiency in the assessment of
moisture, which can be followed by evaluating the thermal performance of the buildings.
Surface temperature and moisture content information from different building materials
were gathered to train the ANN model using supervised learning. The results proved that
the ANN predicted moisture content with higher accuracy and better speed than
traditional methods. Nonetheless, for effective application, a good amount of data would
need to be collected, and model training and validation would have to be attained to obtain
accuracy and generalize the findings. In conclusion, this study suggests that there is
potential to combine machine learning with infrared thermography for accurate and non-
destructive evaluation of moisture in buildings, thereby increasing the efficiencies of

these diagnostics and aiding the decision-making process.
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Findings [56] showed that the older brick buildings are more prone to retain moisture,
thus aggravating thermal anomalies and energy losses. The result casts prospects for
undertaking quantitative thermal analysis to refine automated defect identification in IRT
applications. Using the temperature index (TI) method and image subtraction techniques,
quantification of leakage severity and enhancement of thermal pattern detection have
been done. The revealed results validated IRT in locating air infiltration points, especially
around window frames and joints, but analysis is operator-dependent; hence, automation

is deemed necessary.

In [57], infrared thermography (IRT) is suggested as an assessment method for thermal
defects in building envelopes, focusing on the Improved Temperature Factor (ITF)
framework and moisture analysis. ITF refinement by using mean temperature factors
(fRs), maximum (fMs), and minimum (fms) temperature factors has allowed for finer
evaluations of thermal defects due to conduction, which are influenced by wall orientation
and structural amendment. Moisture was diagnosed to exist as either capillary rise,
moisture that was retained internally, or moisture that was infiltrated externally; with fms

being the principal variable, since it dampened the cooling effect due to moisture.

A newly proposed method for evaluating the thermal transmittance (U-value) of building
envelopes using thermal imaging and machine learning is given in the paper titled
"Estimating Surface Temperature from Thermal Imagery of Buildings for Accurate
Thermal Transmittance (U-value): A Machine Learning Perspective" [58]. The authors
proposed a three-layer framework that processes thermal images of a building structure
to be captured by Unmanned Aerial Systems (UAS) and relate this information to
estimates of surface temperature to improve accuracy, thus enhancing U-value
calculations, particularly critical to energy efficiency assessment. Over 100,000
augmented thermal images from multiple campus buildings were used in this study. This
study casts a glimpse of the capabilities of machine learning to conjure in automating
thermal image analysis to assess building performance with a more effective and accurate

alternative to U-value computation methods already in use.
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3. METODOLOGY

This chapter describes the methodology applied to develop and validate software for the
automatic detection of construction pathologies using thermal images. The
methodological process was structured sequentially (Figure 11) and divided into six main
stages: problem definition, image database construction, software development, image

calibration and  preprocessing, anomaly detection, and data  export.

Problem Software Anomaly

Figure 11- Flow chart of the program.
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Figure 11- Flow chart of the program.
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3.1. Problem definition

The analysis of thermal images for building diagnostics is traditionally performed
manually and requires specialized technical expertise. This process is prone to
interpretive variability, low standardization, and scalability issues, especially when
handling large datasets. To mitigate these limitations, this research proposes the
development of a computational tool for the automatic detection of construction

pathologies based on thermal image processing.
3.2. The database

The tool was tested using 16 reference thermal images, from previous research [59], in
which a database of thermal images was created illustrating two different cases of
humidification: partial humidification by the lower face of a concrete specimen and
another by the upper face. Each image was treated as a test case for functional validation
of the software. Although the database is limited, its selection included thermal and

structural variations relevant to the identification of pathological patterns.
3.3. Software development

The software is developed using the Python programming language, with the assistance
of Pygame libraries for the graphical user interface and OpenCV for image processing.

Other libraries were used, like NumPy, Matplotlib and Tkinter.
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e OpenCV: for image processing and analysis;

o NumPy: for matrix operations and numerical processing;
e Pygame: for the creation of the graphical interface;

e TKkinter: for GUI window interactions;

o Matplotlib: for the generation of custom colormaps.

The software allows the import and processing of images in various formats, including
JPG, PNG, RAW, IS2, among others. The functionalities have been organized into three

main modules:

- Graphical interface: allows interaction with the user and visualization of results.

- Image processing: application of filters, thermal segmentation, calibration and
statistical analysis.

- Data export: allows you to save processed images and thermal matrices in formats

compatible with external analysis (CSV, PNG).

The core technique employed is thermal image analysis, aiming to maximize anomaly
detection and area of interest segmentation. For this purpose, image processing filters
such as the Gaussian filter, the Median filter, and the Bilateral filter were utilized.
Additionally, the software supports segmentation with temperature ranges, dividing the
picture into areas defined by user-specified temperature ranges, in addition to potential
anomaly detection based on statistical calculations such as percentile analysis to identify
significant changes in temperatures. The software allowed the analysis of thermal images
in different file formats, focusing on hot and cold spot detection, thermal data temperature

calibration, and the export of thermal data in CSV format.

The thermal image processing system represents an advanced computational solution for
the analysis and manipulation of thermographic data. Developed entirely in Python, the
application offers a graphical interface rich in functionality, allowing users to perform
complex operations of treatment and visualization of thermal images. In it is possible to
see the program's flowchart showing the processes, from its initialization, through image

processing to image export.
3.4. Calibration and pre-processing

The main functionalities of the system are described below, according to their order of
application:
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- Noise removal: application of filters (median, gaussian, bilateral) to reduce
thermal artifacts that may affect the reading.

- Temperature calibration: adjustment of the thermal scale based on minimum and
maximum values informed, ensuring consistency with the real image data.

- Definition of the analysis area: allows you to manually delimit regions of interest
within the image to focus segmentation and reduce interference from irrelevant
areas.

- Thermal range segmentation: divides the image into user-defined temperature
ranges, facilitating the identification of critical zones.

- Detection of anomalies by percentile: automatically identifies regions whose
temperature is below a statistical threshold (e.g. 5th percentile), associated with
humidity or construction flaws.

- Color detection: complementary analysis that highlights areas with abnormal

chromatic variation, useful for reinforcing the identification of thermal patterns.
3.5. Anomalie detection

The anomaly detection module plays a central role in the system’s ability to identify
thermal patterns associated with pathologies. Users can choose between two detection

strategies:

o Percentile-based detection: Automatically highlights temperature values in the
highest or lowest percentiles (e.g., top 5%), based on statistical distribution. This
is useful for identifying outliers that may indicate thermal bridges, moisture, or

detachment of surface layers.

o Color-based detection: Enables the user to select specific colors or temperature
ranges to be detected based on the segmented thermal image. This method offers
more visual control and is useful when the user has prior knowledge of the

expected anomaly temperature ranges.

Once the detection method is selected, the system processes the entire image or a
manually defined region of interest (ROI). Detected areas are highlighted directly on the

thermal image and exported along with the CSV temperature matrix.

The anomaly detection module was designed to be flexible and intuitive, supporting both

exploratory analysis and repeatable diagnostics across multiple images.
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3.6. Data export

The data of the processed images can be exported in two formats:

- Image with markings: visualization with the anomalous areas highlighted.

- Thermal matrix: export of all temperature values in CSV for later statistical analysis.
3.7. Justification of the approach

In the initial stages of this research, the implementation of convolutional neural networks
(CNNs), particularly the YOLOV7 architecture, was considered as a potential strategy for
the automated detection of anomalies in thermal images. Such models are widely
recognized for their effectiveness in object detection and classification tasks, especially
when applied to large-scale datasets. However, the available dataset in this study
consisted of only 16 thermal images, which are insufficient for the training, validation,
and testing processes required by deep learning algorithms. As a result, this approach was
deemed impractical given the limited data and the potential risk of overfitting and poor

generalization.

Considering these constraints, a rule-based methodology was adopted, employing
segmentation by temperature intervals and anomaly detection based on statistical
percentiles. Although these techniques are comparatively simpler, they offer robustness
and interpretability, particularly in contexts where data availability is restricted.
Moreover, they allow for consistent identification of thermal irregularities associated with
construction pathologies, such as moisture infiltration or thermal bridging, without the

need for extensive computational resources.

The software developed in this work was intentionally designed to be lightweight,
accessible, and intuitive, with a graphical user interface tailored for professionals in the
field of building diagnostics who may not possess programming expertise. This usability-
focused design influenced the selection of algorithms and functionalities, prioritizing

clarity and efficiency over algorithmic complexity.

Despite its operational advantages, the proposed approach presents some limitations:
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Limited dataset size: the small number of reference images restricted the

statistical validation of the results and prevented the use of data-intensive models.

Lack of empirical validation: no direct comparison was made between the tool’s
outputs and in-situ inspection results, which constrains the assessment of real-

world accuracy.

Restricted generalizability: the system may not perform optimally when applied
to images captured under different environmental conditions or using different

equipment.

Absence of sensor integration: the software currently supports only static image
input and does not include real-time data acquisition or communication with

thermal imaging devices.

3.8. Program implementation

3.8.1. Key features

3.8.1.1. Image Upload

The program supports several types of image files for reading and subsequent processing.

The supported formats include:

BitMaP (BMP).

Pickle Format (PKL).

Joint Photographic Experts Group (JPG/JPEQG).
Portable Network Graphics (PNG).

Tag Image File Format (TIFF).

Graphics Interchange Format (GIF).

Unprocessed Data (RAW).

Intelligence Specialist Petty Officer 2nd Class (IS2).
Exchangeable Image File Format (EXIF).

To upload an image, it is necessary to follow a series of steps. Upon initiating the

program, users are presented with the option to select the image for analysis from the

supported formats. Once a single image has been chosen, the user must click the "Open"

button located in the lower right corner, as illustrated in Figure 12. Additionally, the user

may adjust the file type filter to "All supported files" in the same lower right corner,
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facilitating the location of different file types. The program will then automatically resize

proportionally the selected image to 640 x 512 pixels for optimal analysis.

¢ Select an image file
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Figure 12- Window of the startup of the program.

3.8.1.2. Image processing

The processing of thermal images is a critical step in the analytical workflow, as it
enhances image quality and prepares the data for subsequent analysis. The program
employs four distinct approaches: noise filters, which utilize median filters to remove
salt-and-pepper noise, Gaussian filters, to smooth the image while preserving edges,
bilateral filters, to maintain sharp transitions in temperature while reducing noise in
homogeneous regions, and colormaps, which are used to visualize the temperature
distribution within the image. These techniques enable the user to conduct a
comprehensive and efficient analysis of the thermal images, contributing to the generation

of accurate and interpretable results.

The “remove_noise” function, presented in Figure 13, illustrates this approach.
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Figure 13- Remove Noise function

The “apply _color_map” function is detailed in Figure 14.
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apply color map (self, colorMap):
if hasattr (self, 'mat") self.mat

return

norm = coleors.Normalize (vmin=self.meta["min temp"],
vmax=self.meta["r emp”])

cmap = colormaps.get cmap (colorMap)

mapped data = cmap(norm(self.mat))

self.rgb image = (mapped datal:, :, :3] * 255).astype(np.uints8)

self.apply color map(self.colorMap)
Figure 14- Apply Color Map function

3.8.1.3. Temperature Calibration

After image processing, another crucial step in the analysis is temperature calibration.
This ensures that the displayed temperature values of the image match the actual
measured values, calibrating the temperature variation. For the anomaly detection and
temperature segmentation, this process is indispensable for precise and reliable results, if

not made can lead to an inaccurate conclusion about the area analyzed.

The user can access this functionality just after loading a thermal image, in the menu on
the left side of the window (Figure 15). The user must click the "Calibrate Temperature"
button located in the program interface. This action opens a new window or section where
the user can input the minimum and maximum temperature values that correspond to the
loaded thermal image. These values can be obtained from known measurements or the
specifications of the equipment used to capture the image. The interface provides input
fields for these values, facilitating precise entry (Figure 16). The temperature scale on the
right side of the interface will change after the calibration as shown in the Figure 17. The
user will be able to see the temperature also when moving the mouse through the image

and can then know the specific temperature value of each pixel (Figure 18).

After entering the values, the user must click the "Apply Calibration" button. The system
will adjust the temperature scale of the image, for the values provided, establishing that

subsequent analysis is going to be accurate.
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Figure 15- Home of the program before calibration.

Minimum temperature("

ximurn temperature (°C):

Figure 16- Menu of the calibrate temperature.



Figure 17- Home of the program after calibration.

Figure 18- Temperature of the pixel.

3.8.14. Colormap

In this section of the program, a function called Colormap (filters) is used to map
numerical values, such as temperatures, intensities, or scalar data, to corresponding
colors. It transforms numbers into visible colors, allowing for intuitive data visualization.
The colormap in thermal images is used to represent different temperatures with distinct
colors, these colors can be used in two ways: with predefined colors and by creating colors
from the image itself. The program uses both modes and adjusts the color and temperature

scales when they are being applied.

The colormaps that are predefine tend to work better with black and white images, and
can be used by clicking the "Change Colormap" button. For colored images, it is

recommended to use the "Use Image Colors" button. The colormaps included in the
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program, along with their advantages, disadvantages and recommend uses, are detailed

below:
e Plasma (Figure 19)
Advantages:

o Perceptually uniform: the color variation is consistent with the data

variation.

o Vibrant colors: the transitions between purple and orange are visually

appealing.
o Good contrast: it helps identify subtle variations in the data.
Disadvantages:

o Dark colors: it can be difficult to distinguish variations in regions with

very dark colors.
Recommended Use:

o Scientific visualizations and data with subtle variations.

Figure 19- Colors of plasma.

o Inferno (Figure 20)
Advantages:

o Perceptually uniform: the color variation is consistent with the data

variation.
o High contrast: ideal for highlighting extreme variations in the data.

o Good for high-contrast data: it helps identify high and low values.
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Disadvantages:

o Dark colors: it can be difficult to distinguish variations in regions with

very dark colors.
Recommended Use:

o High-contrast data, such as extreme temperature variations.

Figure 20- Colors of inferno.

Magma(Figure 21)
Advantages:

o Perceptually uniform: the color variation is consistent with the data

variation.

o Smooth transitions: the colors range from black to purple, orange, and

white, creating a smooth transition.
o Good for high-contrast data: it helps identify high and low values.
Disadvantages:

o Dark colors: it can be difficult to distinguish variations in regions with

very dark colors.
Recommended Use:

o High-contrast data and scientific visualizations.
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Figure 21- Colors of magma.

o Cividis (Figure 22)
Advantages:

o Perceptually uniform: the color variation is consistent with the data

variation.

o Suitable for color blindness: it makes it easier for people with color

blindness to distinguish the colors.
o Good for quantitative data: ideal for modern scientific visualizations.
Disadvantages:

o Less vibrant colors: compared to Jet, the colors may seem less striking to

some users.
Recommended Use:

o Quantitative data and scientific visualizations.



Figure 22- Colors of cividis.

e Coolwarm (Figure 23)
Advantages:
o Divergent: ideal for data that has an important central point (such as zero).
o Good contrast: it helps identify positive and negative values.

o Intuitive colors: blue (cold) and red (hot) are intuitive for representing

extremes.
Disadvantages:
o Not sequential: not ideal for data that varies only from low to high.
Recommended Use:

o Data with positive and negative values, such as temperature deviations.

Figure 23- Colors of coolwarm.
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Spring (Figure 24)
Advantages:

o Vibrant colors: the transitions between magenta and yellow are visually

striking.
o Good for highlighting variations: it helps identify variations in the data.
Disadvantages:

o Not perceptually uniform: the color variation does not consistently reflect

the data variation.
o Very saturated colors: it can be tiring for prolonged visualizations.
Recommended Use:

o Visualizations that need vibrant and striking colors.

Figure 24- Colors of spring.

Autumn (Figure 25)
Advantages:

o Warm tones: the colors red and yellow are ideal for representing warm

data.
o Good for highlighting variations: it helps identify variations in the data.
Disadvantages:

o Not perceptually uniform: the color variation does not consistently reflect

the data variation.



o Limited colors: only shades of red and yellow may not be ideal for all

types of data.
Recommended Use:

o Visualizations that need warm tones, such as temperature variations in

warm environments.

Figure 25- Colors of autumn.

o Jet (Figure 26)
Advantages:

o Immediate recognition: it is a classic and widely used colormap, so many

people are familiar with it.

o Vibrant colors: the transitions between blue, green, yellow, and red are

visually striking.
Disadvantages:

o Not perceptually uniform: the color variation does not consistently reflect

the data variation. This can lead to misinterpretation of the data.

o Color blindness issues: it makes it difficult for people with color blindness

to distinguish the colors.

o Incorrect highlighting: intermediate values (green and yellow) can appear

more important than they are.
Recommended Use:

o Classic visualizations but should be avoided for quantitative data.
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Figure 26-Colors of jet.

e Viridis (Figure 27)
Advantages:

o Perceptual uniform: the color variation consistently reflects the data

variation.

o Suitable for color blindness: it makes it easier for people with color

blindness to distinguish the colors.
o Good for quantitative data: ideal for modern scientific visualizations.
Disadvantages:

o Less vibrant colors: compared to Jet, the colors may seem less striking to

some users.
Recommended Use:

o Quantitative data, such as temperatures or continuous variations.



Figure 27- Colors of Viridis.

The software offers two options for viewing the colors of the image: the application of
custom colormaps (such as inferno, viridis, among others) or the preservation of the
original colors of the thermal image provided by the user. When the second alternative is
chosen, the coloration is maintained based on loaded image, allowing the thermal

analysis to respect the visual scale used at the time of capture.
o Based on Loaded Image
o Extracts unique colors from the image.
o Sorts the colors by hue in the HSV color space.
o Creates a gradient with sorted colors.
o Returns a custom colormap that can be applied to the image.
Advantages

o The custom colormap reflects the real colors of the image, which can be

more intuitive for the user.

o Ifthe image already has significant colors (e.g., a thermal photograph with
specific colors for temperatures), the custom colormap preserves this

familiarity.

o The color bar and the image will have the same color palette, creating a

more cohesive visual experience.
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This is especially useful when the image already has a specific aesthetic

you want to maintain.

The colormap is generated based on the unique colors of the image, which

means it is specifically tailored for that image.

This can highlight unique features of the image that a predefined colormap

would not.

If the original image is already colored (e.g., an RGB photograph), the
custom colormap preserves these colors instead of replacing them with an

artificial gradient.

Disadvantages

The custom colormap may not consistently reflect data variation. For
example, two close temperatures might be represented by very different

colors, or vice versa.

This can make data interpretation difficult, especially in scientific or

quantitative applications.

If you are comparing multiple images, each with its own custom colormap,
it can be hard to establish a direct relationship between colors and data

values.

Predefined colormaps (like Viridis or Plasma) are more consistent and

allow direct comparisons.

The custom colormap may not be suitable for people with colorblindness,

especially if the image colors are not chosen with this in mind.

Colormaps like Viridis or Cividis are designed to be perceptually uniform

and accessible.

If the original image has little color variation or very similar colors, the

custom colormap may not effectively highlight data variations.

Predefined colormaps are designed to maximize contrast and distinction

between values.

Creating and applying a custom colormap requires more processing and

can be more complex to implement than using a predefined colormap.



Recommended Use:

o If the image already has colors that represent something specific (e.g.,
colors indicating temperatures or regions of interest), the custom colormap

may be the best choice.

o When the visual appearance of the image is more important than

quantitative accuracy (e.g., in presentations or visual reports).

o When you want to maintain the original colors of the image without

applying an artificial gradient.
3.8.1.5. Definition of the Analysis Area

Defining an area of analysis is a critical step to ensure a more accurate and precise
evaluation of the image. By concentrating the analysis on specific or smaller regions, the
user can focus on the relevant areas while disregarding irrelevant sections. This approach
allows for a more detailed and precise analysis, enabling the identification of temperature

variations that might otherwise be overlooked in a broader examination.

The user can use this function by clicking the "Define Analysis Area" button in the
program menu. Then, the user should click and drag the mouse over the thermal image to
select the area of interest. The selected area will be highlighted with a border and a mask,

visually indicating the region that will be analyzed (Figure 28).

After selecting the area, the user can adjust and edit the size and position of the box that
was created by dragging the borders or the content of the selection or dragging the whole
box. This procedure allows refining the analysis area and guarantees that the box covers

the entire region of interest.

Once the analysis area is defined, the user can continue with the analysis by temperature

segmentation, or anomaly detection within this specific area.
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Figure 28- Definition of the area of analysis.

3.8.1.6. Temperature Segmentation

Temperature segmentation is employed in thermal imaging to divide the image into
distinct regions, based on either predefined or customized temperature ranges. The
function first calculates the temperature intervals and then creates a mask for each
interval. This method facilitates the visualization of different regions within the thermal

image, allowing for a clearer understanding of temperature distribution.

Segmentation is performed using the “auto_segment” function presented in Figure 29.
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auto segment (self) :

if self.analysis area:
%, ¥y, w, h = self.analysis area
data = self . mat[y:yth, x:x+w]

offset = (x, y)

data = self.mat
offset = (0, 0)

min temp = np.floor (np.min(data))

max temp = np.ceil (np.max (data))

num intervals = int (max temp - min temp) + 1

intervals = np.linspace (min temp, max temp, num intervals)

segments = ThermalAnalysis.auto segment (data, intervals)

if offset '= (0, 0):

adjusted segments = {}

for temp range, segment in segments.items() :
full mask = np.zeros like(self.mat, dtype=bool)
full mask[y:yth, x:xt+w] = segment|'n k']
segment [ ' k'] = full mask
adjusted segments[temp range] = segment

segments = adjusted segments

self.segments = segments
self.update segment overlay()

self.show message (f"Auto ented into (segments) in

Figure 29- Auto Segment function.

After defining the area of the analysis, the temperature range can be set using the “Set
custom intervals” button. A specific menu for that purpose will open (Figure 30), allowing
the user to enter the minimum and maximum temperatures to be analyzed. During the
segmentation step, the temperature range is divided into intervals, determining which
segments will be displayed in relation to the selected analysis range. After setting these
parameters, the temperature intervals will be shown in different colors. The defined
temperature ranges will be represented using colors in the image, while areas with

temperatures outside these ranges will appear in grayscale (Figure 31).
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Figure 30- Menu of the Set Custom Range.

Figure 31- Image after the definition of the interval and number of steps.

3.8.1.7. Anomalies detection

Despite the provision in the software for manually choosing the temperature range from
a manual selection, a specific feature known as "Detect Anomalies" has been added so
that automatic detection of thermal anomalies can be possible. It is an important
component of the software because it enhances the performance in thermal image analysis
by automatically finding areas where temperatures vary significantly from what is
anticipated within the range. Statistical percentile analysis is utilized in detecting
anomalies to increase the precise the coldest points of the thermal image. The user can

choose the percentile value as depicted in Figure 32.
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Enter Percentile:

K Cancel

Figure 32- Definition of the percentile for anomalies detection

The percentile of the temperature distribution is first calculated within the defined
analysis area or across the entire image. This percentile is then used as a threshold to
identify the coldest regions, i.e., the data points that fall below this value. This process is

illustrated:
threshold = Ppercentite(T) (1)
Where:
e Ppercentile 1S the percentile function.

e Tis the set of thermal data.
And the for the mask the equation used was:

Trueif T (x,y) < threshold

k(x,y) =
mask(x, y) {False otherwise

)
Where:

e T(x,y) is the temperature value at pixel (X,y).

e threshold is the temperature value calculated based on the percentile.

The software subsequently scans the image pixel by pixel, picking up areas in which the
temperature falls below this specified level. Such areas are referred to as possible
anomalies because they are discrepant from those of most of the image. This automated
process not only enhances the efficiency of the analysis process but also minimizes the
possibility of human error, thereby making the process consistent and reliable. The
software offers a strong platform for thermal anomaly detection using percentile-based

statistical approaches, which is highly suited to predictive maintenance, quality control,
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and structural diagnostics applications. A white mask is applied in this case, to show a

contrast with the rest of the thermal image (Figure 33).

This button is also compatible with the “Define Analysis Area” one, which displays
results exclusively for the specified area, utilizing only the temperature data defined

within that area for calculations (Figure 34).

Figure 33- Detect possible anomalies using percentile function.

Figure 34- Detect possible anomalies in a defined area.

In addition to thermal anomaly detection, the program also includes a color-based
detection feature, implemented using the OpenCV library, available in the button “Detect
Colors”. This functionality aims to identify specific areas in the image based on their
color properties, providing an additional layer of analysis. The color detection process is

particularly useful for highlighting regions with distinct color patterns, which may
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correspond to specific materials, defects, or anomalies. The image in this case shows up
in another window, with “black and white” theme, the white part of the image is the called
“anomalies” (Figure 35). This button is compatible with the “Define Analysis Area”,

which displays results exclusively for the specified area (Figure 36).

Figure 35- Detection using colors patterns.

Figure 36- Detection using colors patterns only in a specific area of the image.
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3.8.1.8. Clear Image

In the program, there is also a "Clear Image" button that allows users to clear the image
of all the applied parameters. When clicking the button, a new menu will open, where you
can choose what you want to clear (Figure 37). To return to the previous menu, simply

click the "Back" button.

Clear Analysis Area

Clear Custom Intervals

Figure 37- Clear image menu.

3.8.1.9. Segment Info

The program has the option to display information about the selected temperature range
in item 3.1.1.6. In the "Show Segment Info", for each segment, the percentage of the total
image area that the segment covers are calculated (Figure 38). If an area of analysis is
defined, the program will also calculate the percentage of the area covered by the
segment. This information is compiled into a formatted string that is displayed in the
segment information window. The compiled segment information is presented in a text
box within the segment information window. This includes details such as temperature
range, percentage of the total and area of analysis covered, pixel count, average
temperature, and standard deviation. If an analysis area is defined, additional statistical
information about the analysis area (such as minimum, maximum, mean, and median
temperatures) will also be displayed. The user can view this information to understand
the distribution and characteristics of different temperature segments in the image. This

can be useful for identifying areas of interest or possible anomalies in the thermal data.

60



Figure 38- Segment Information.

3.8.1.10. Export Temperature Matrix

The "Export Temperature Matrix" button is a function that allows exportation of the
thermal data held in the image as a matrix, usually in a CSV (Comma-Separated Values)
format file. This can be a very useful feature for further quantitative analysis, since it will
take the temperature values of each pixel of the image and place them in a numeric matrix,

where each element is the temperature expressed in degrees Celsius.

The output file is ready to be imported into other data processing programs, including
Excel, Python, or MATLAB, for further analysis, graphing, or integration with other
systems. The export includes a header of pixel coordinates (X/Y), thereby enhancing the

readability and real-world usefulness of the data in scientific or industrial applications.
3.8.1.11. Open

The “Open” button enables the user to import thermal images in several formats, such as
BMP, PNG, JPG, RAW, and IS2, among others. On selecting an image, the software
performs initial processing operations, which include the conversion of the image into a
temperature scale and noise reduction filtering, thereby making the image ready for
analysis. The functionality outlined is fundamental in enabling the user to handle several
thermal data sources independent of the initial image format. The Open button also serves
to clear any previously conducted analyses, hence preparing the software to analyze a

new image.
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3.8.1.12. Save

The “Save” button provides the user with the option of saving processed images,
including versions highlighting anomalies, directing attention to regions of interest, or
mapping colors. The program allows images to be saved in formats like PNG, thereby
maintaining the visual quality and nuances of the analyses performed. Besides, users can
also store various versions of the same image, i.e., the original, the processed, and the one
that detects anomalies, to easily document and share the findings. This functionality is
required for report writing, presentation, or reference document creation that will be

utilized for analysis in the future.
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4. ANALYSIS OF THE RESULTS

To evaluate the effectiveness of the software developed for the automatic detection of
building pathologies through thermal images, a series of practical tests was conducted
using a set of pre-selected reference images. This chapter presents a systematic analysis
of the results obtained from the application of the implemented functionalities, with a
focus on verifying the system's capability to highlight thermal anomalies related to

construction defects such as moisture infiltration, thermal bridges, and delamination.

The tests were performed using a database composed of 16 reference thermal images,
previously used in academic research. Each image was sequentially processed through
the main steps of the proposed workflow: noise removal, temperature calibration,
application of colormaps, thermal segmentation, and anomaly detection using both

percentile and color-based methods.

The analysis aims to assess the tool’s performance under different image conditions and
thermal complexities, identifying its strengths, limitations, and opportunities for
improvement. Whenever possible, the results are illustrated through comparative images
(before and after processing), accompanied by technical commentary highlighting the
tool’s visual effectiveness, as well as discussions of any challenges or limitations

encountered during usage.
4.1. Pre-processing and noise removal

The presence of thermal noise in raw infrared images can significantly impair the
accuracy of segmentation and anomaly detection processes. To address this, the software
includes a pre-processing step that allows the application of three types of filters: median,
Gaussian, and bilateral. Each filter is designed to reduce noise while preserving relevant

thermal gradients, which are essential for the identification of construction pathologies.

In the reference image (Figure 39), used for testing, the median filter proved effective in

removing salt-and-pepper noise without distorting temperature contours.

The Gaussian filter smoothed the image more aggressively, which was useful for
eliminating small fluctuations but sometimes reduced edge sharpness. The bilateral filter,
although computationally more intensive, offered a good compromise by preserving edge

definition while reducing local noise.
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Figure 40 presents the same image before any noise removal, clearly illustrating the

presence of thermal artifacts.

After applying the median filter (Figure 41) demonstrates the resulting improvement in

image clarity and reduction of interference.

After filtering, regions with subtle thermal differences became more distinguishable,
enhancing the performance of subsequent tools such as temperature segmentation and

anomaly detection.

The user can choose the most appropriate filter depending on the characteristics of the
image. In general, for images with well-defined thermal patterns, the median filter was
sufficient. For noisier images, the bilateral filter produced clearer results. The software
maintains the original image for comparison and allows iterative application of filters to

optimize clarity before calibration and segmentation.

Figure 39- Reference image. Figure 40- Image before remove noise.

Figure 41- Image after remove noise.
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4.2. Temperature calibration

Thermal calibration is a critical step in ensuring that the temperature values represented
in the image correspond accurately to real-world measurements. Without proper
calibration, the software may interpret the thermal gradients incorrectly, leading to false

positives or missed anomalies during the detection process.

In the software, calibration is performed by manually entering the minimum and
maximum temperature values corresponding to the thermal image, as provided by the
camera metadata or external measurement references. Once these values are entered, the
temperature scale of the image is automatically adjusted, and a new colormap is generated

to reflect the calibrated temperature range.

The process begins with the raw thermal image, shown in Figure 42 (a), which includes
a default (non-calibrated) scale. In this state, the temperature distribution is visually

represented, but the numerical values may not correspond to actual thermal conditions.

The calibration process ensures that all subsequent segmentation and anomaly detection

operations are based on reliable thermal information (Figure 42 (c)).

After calibration, the image is rescaled based on the new thermal limits, as illustrated in
Figure 42 (b). The temperature bar is updated, and hovering the mouse over the image

reveals the exact temperature of each pixel, enhancing the precision of the analysis.

This calibration is essential for interpreting the thermal data reliably, particularly when
comparing multiple images or evaluating temperature thresholds in the detection of
anomalies. Incorrect or absent calibration can result in misinterpretation of thermal
patterns, especially when the original image is captured under varying environmental

conditions.

Therefore, it is recommended that the calibration be performed before applying
segmentation or anomaly detection tools, ensuring that all subsequent analysis is based

on accurate and consistent thermal data.
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(a) Upload image with initial scale

(b) Applying temperatures in the calibrate temperature function

(c) New scale with determined minimum and maximum temperatures

Figure 42- Calibrate temperature



4.3. Change ColorMap

The ability to adjust the colormap is a key feature for improving the visual interpretation
of thermal data. In raw or grayscale thermal images, subtle variations in temperature can
be difficult to distinguish, especially when analyzing potential pathologies such as

moisture accumulation or thermal bridging.

The software offers the option to apply several colormaps, including Inferno, Viridis,
Plasma, and others. These color scales assign visual intensity to temperature values,

enhancing contrast and facilitating the identification of anomalies.

Figure 43 shows a thermal image in its original grayscale representation. Although the
overall thermal distribution is visible, low-contrast areas may make it difficult to identify

subtle temperature anomalies.

After applying a color-based colormap, as shown in Figure 44, temperature differences
become more evident. The use of high-contrast color gradients improves the readability

of thermal zones and supports more accurate segmentation and anomaly detection.

Among the available options, colormaps like Inferno or Plasma were especially effective
in emphasizing cold regions often associated with moisture or insulation failure.
Conversely, Viridis and Coolwarm provided smoother gradients that are better suited for

comparative analysis across different images.

The choice of colormap should be based on the objective of the inspection and the nature
of the thermal patterns. By allowing flexible visualization, the software enhances the

user’s ability to detect and interpret structural anomalies with greater confidence.
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Figure 43- Black and white image.

Figure 44- Coloured image.

4.4. Using Image Colors

The “Use Image Colors” function enables the user to visualize the thermal image exactly
as it was originally recorded by the infrared camera, using its embedded native color
scale. This approach can be useful in cases where the image was captured with a pre-

configured thermal palette aligned with the camera’s internal calibration.

By preserving the original color coding, this function supports visual validation during
field inspections or comparison with manufacturer-provided scales. It is particularly
useful when interpreting images from devices with standardized colormaps or when

correlating visual features with physical site observations.
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However, the limited contrast of some native palettes may reduce the visibility of subtle
temperature variations. In such cases, switching to enhanced colormaps (as discussed in

Section 4.3) can help improve diagnostic clarity.

Figure 45 illustrates the result of applying the “Use Image Colors” function to a reference
image. The thermal palette applied by the camera is retained, maintaining the original

context of the data acquisition.

Figure 45- Image after using image colors.

4.5. Define analysis area

The defined analysis area function performs effectively when applied to images
containing extensive anomaly regions or when the user intends to analyze only a specific
section of the image, including the anomaly itself. This tool accurately isolates the

selected area, enhancing its visualization and facilitating a more focused analysis.
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As illustrated in BB Figure 46, the image contains a
surface with multiple elements, making it challenging for the user to analyze it
comprehensively. In cases where the objective is to examine a specific section, such as
the windows, the define analysis area function proves particularly useful. By enabling the
isolation of the desired region, it allows for a more precise assessment of the anomalies

present, as demonstrated in Figure 47.

Figure 46- Image that contains many anomalies.  Figyre 47- Only the selected portion of the window.

4.6. Set customs intervals

The “Set Custom Intervals” function allows users to define specific temperature ranges
for segmenting thermal images. This feature is especially valuable in scenarios where
known thresholds are associated with particular pathologies—for example, identifying

areas between 17.0 °C and 18.5 °C that may indicate moisture accumulation or heat loss.

After defining one or more intervals, the software applies a binary segmentation mask,
visually highlighting the pixels that fall within the selected range. This enables precise

targeting of thermal zones for further inspection or documentation.
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As shown in Figure 48, the result segmentation on the thermal image. Colored masks are
applied to visually differentiate the selected ranges from the rest of the image, facilitating

the identification of affected regions.
Figure 49 displays the user-defined temperature interval applied in this example, while

This method offers a high degree of control and technical specificity. It is particularly
effective when used in conjunction with field data or when analyzing materials with

known thermal behavior.

Although it requires manual input from the user, it allows for precise targeting of thermal
anomalies within defined temperature thresholds. For best results, it is recommended that
the thermal image be prope rly calibrated prior to using this feature, ensuring that the

selected values accurately reflect real-world temperatures.

Figure 48- Image after the set custom intervals.

Data range: 14.5t0 174

Start:  14.5

End: 17.37041422526039

Step: 1.0

oK Cancel

Figure 49- Defined interval.
4.7. Detect anomalies
The “Detect Anomalies” function applies a statistical thresholding technique based on

user-defined percentiles to automatically highlight the coldest regions of the thermal

image. This method is particularly useful for identifying potential pathologies such as

71



moisture infiltration or thermal bridges, which typically manifest as localized low-

temperature zones.

The algorithm calculates the selected percentile (e.g., the 5th percentile) and creates a
binary mask that isolates the pixels below this value. These areas are then highlighted
visually, allowing for immediate recognition of anomalous regions without the need for

predefined temperature ranges.

Figure 50 presents a visual comparison of this process. Subfigure (a) shows the original
thermal image before any processing, while subfigure (b) illustrates the result of applying
the “Detect Anomalies” function with a 5% threshold. The coldest regions are masked in

white, drawing attention to potentially critical areas that merit further inspection.

This approach is advantageous in that it requires minimal user input and adapts
dynamically to each image’s thermal distribution. However, it may produce false
positives in images with shadows, emissivity inconsistencies, or non-uniform surfaces. In
such cases, visual validation or cross-checking with field data is recommended to confirm

the presence of actual anomalies.

Overall, percentile-based anomaly detection offers a fast and accessible solution for

identifying areas of interest, especially in large datasets or initial screening processes.

(a) (b)

Figure 50- Visual comparison illustrating anomaly detection: (a) original thermal image and (b) image
processed with the detect anomalies function.

4.8. Detect colors

The “Detect Colors” function enables the user to isolate specific regions of a thermal

image based on color similarity. This approach is particularly useful when working with
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images that are not thermally calibrated, but in which color gradients follow a

recognizable pattern — for instance, dark blue for cold zones or bright red for hot areas.

Using a color picker interface, the user selects a target color within the image. The
software then identifies all pixels within a defined RGB tolerance range and generates a
mask highlighting the detected area. This tool allows for intuitive analysis, especially for

users less familiar with temperature scales or statistical thresholds.

Figure S1provides a side-by-side comparison of this process. Subfigure (a) presents the
original thermal image, while subfigure (b) displays the result after applying the “Detect
Colors” function. The selected color — associated with colder areas — has been

effectively isolated, supporting the visual identification of potentially problematic zones.

Although this method is highly accessible and visually immediate, it has some limitations.
Its accuracy depends on the consistency of the color mapping and is sensitive to factors
such as image compression, lighting variation, and display artifacts. Therefore, color-
based detection is best used as a complementary tool, especially when calibration data is

unavailable or when quick visual segmentation is needed.

In practical terms, this function enhances usability for preliminary assessments and
educational contexts, and it serves as an entry-level method for identifying thermal

anomalies without requiring technical expertise in temperature analysis.

(a)

(b)

Figure 51- Visual comparison illustrating anomaly detection: (a) original thermal image and (b) image
processed with the detect colors function.

4.9. Show segment info

To validate the functionality of the show segment info feature, the reference image shown

in Figure 52 was used for sampling. A specific analysis area (Figure 53) and a temperature
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range (Figure 54) were defined. The range was segmented according to a user-established
interval, which in this case was set to 1 °C. The resulting data are presented in Table 3,
Table 4, Table 5. It is evident that the results are conclusive, and, unlike other functions,
they provide information in a measurable form, which is essential for detailed and precise

analysis by the user.

The capacity of the show segment info tool to deliver quantifiable and statistical details
plays a vital role in undertaking an objective and complete analysis. By giving numerical
values like area in pixels, representative percentage, mean temperature, and standard
deviation, the tool not only allows users to view, but also comprehends the nature of the
area being studied in exact, quantifiable form. This enables more effective evaluation of
the thermal distribution in the image. The color-based analysis provides data such as
areas, representative percentage, minimum temperature, maximum temperature, and
standard deviation, allowing for the user an even more detailed understanding of thermal

variations.

For the image chosen, the results obtained were as follows: minimum temperature of 14.5
°C, maximum temperature of 17.37 °C, mean temperature of 16.1 °C, median temperature
of 16.20 °C, and standard deviation of 0.64 °C. These statistical measures are important
as they allow for the quantitative examination of thermal variations, thereby enhancing
the precision and validity of the interpretation of the results, which enables decision-

making to be more informed, and evidence based.
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Figure 52- Reference image for the show segment

Figure 53- Image of the area selected for analysis.

info.
Data range: 14.5to 17.4
Start: 145
End: 17.37041422526039
Step: 1.0
0K Cancel
Figure 54- Range of temperatures to choose.
Temperature Segment Information
Temperature Range | Area (px) | % Total | Avg Temp (°C) | Std Dev (°C)
14.5°C - 15.5°C 23448 | 17.74% 15.02 0.29
15.5°C - 16.5°C 68847 | 52.08% 16.07 0.27
16.5°C - 17.5°C 39906 | 30.19% 16.79 0.19
Table 3- Result of segment information.
Information of Color-Detected Areas
Color Area (px) | % Total Min Temp (°C) Max Temp (°C) Avg Temp (°C)
Blue 0 0.00% 0.00 0.00 0.00
Green 2675 2.02% 16.12 16.35 16.19
Cyan 2835 2.14% 16.36 16.72 16.48
Yellow 4713 3.57% 16.34 17.17 16.84
Purple 0 0.00% 0.00 0.00 0.00
Blue Cyan 2835 2.14% 16.36 16.72 16.48
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Analysis Area
Statistics

Min: 14.50°C
Max: 17.37°C
Mean: 16.11°C
Median: 16.20°C

Std: 0.64°C
Table 5- Statistical data of the analysed area.

4.10. Clear image

The clear image button resets both the area definition functions, and the range previously
set by the user. This functionality operates effectively, enabling the user to analyze

different regions of the image without the need to reopen it.
4.11. Export matrix

The export matrix function enables the program to generate a CSV file containing the
coordinates and corresponding data for each pixel in the image. This allows the user to
study the temperature data in more detail using independent software such as MATLAB
or Excel. The data exported can also be utilized for long-term studies since the data is
stored for future reference. Although the program effectively exports the data,

temperatures in this file were not compared within the framework of this study.
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5. CONCLUSION AND FUTURE WORKS

This research aimed to develop and evaluate a software tool for the automatic detection
of anomalies in buildings based on thermal images, with emphasis on accessibility,

lightweight implementation, and technical applicability in construction diagnostics.

The software integrates several processing functionalities, including noise removal filters,
temperature calibration, colormap customization, and segmentation tools based on both
statistical thresholds and visual cues. These features enable users to analyze thermal
patterns and highlight potential pathologies such as moisture infiltration or insulation

failure.

Among the implemented methods, the percentile-based anomaly detection proved to be
efficient in highlighting the coldest regions of the image automatically, while the custom
interval segmentation allowed for more precise control when specific temperature ranges
were known. The use of color-based detection added an intuitive option for non-calibrated

images, especially useful in practical scenarios.

The results demonstrate that the tool can assist in the preliminary diagnosis of thermal
anomalies in buildings, offering an affordable and portable alternative to more complex
systems. Its graphical interface and modular design make it suitable for technicians,

engineers, or researchers working in building inspection and preventive maintenance.

However, the study presents some limitations. The small dataset of thermal images
prevented the use of machine learning models and limited the statistical validation of the
results. Additionally, the lack of field-based comparisons such as physical inspection
data, constrained the empirical evaluation of the tool’s accuracy. Finally, the absence of
real-time sensor integration means the system currently depends on pre-captured static

images.

In summary, the developed software fulfills its intended purpose and demonstrates
technical viability. It offers a practical contribution to the field of building diagnostics,
especially in low-resource contexts, and lays the groundwork for future technological

advancements in automated thermal analysis.
For future work, the following improvements are proposed:

o Expansion of the image dataset to support machine learning approaches, such as

convolutional neural networks;
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Integration with real-time thermal sensors, allowing dynamic data acquisition;

Validation of the tool through on-site experiments and comparison with traditional

inspection methods;

Enhancement of the anomaly classification system, potentially distinguishing

between different types of pathologies.
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6.1. ANNEX A - Imagens de referéncia utilizadas no programa
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6.2. ANNEX B — Results of using Detect Anomalies
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6.3. ANNEX C- Result of using Detect Colors
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