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Abstract

This paper reviews recent advances in machine learning (ML) algorithms to improve the

postprocessing and interpretation of thermographic data in non-destructive testing (NDT).

While traditional NDT methods (e.g., visual inspection, ultrasonic testing) each have their

own advantages and limitations, thermographic techniques (e.g., pulsed thermography,

laser thermography) have become valuable complementary tools, particularly in inspecting

advanced materials such as carbon fiber-reinforced polymers (CFRPs) and superalloys.

These techniques generate large volumes of thermal data, which can be challenging to

analyze efficiently and accurately. This review focuses on how ML can accelerate defect

detection and automated classification in thermographic NDT. We summarize currently

popular algorithms and analyze the limitations of existing workflows. Furthermore, this

structured analysis provides an in-depth understanding of how artificial intelligence can

assist in processing NDT data, with the potential to enable more accurate defect detection

and characterization in industrial applications.

Keywords: machine learning; neural network algorithm; non-destructive testing; system-

atic review

1. Introduction

The proliferation of advanced manufacturing techniques, such as additive manufac-

turing and fiber-reinforced composites, has reshaped key industries such as aerospace

while simultaneously introducing new challenges for inspection and validation. Traditional

visual inspections, once sufficient to identify surface defects, have proven inadequate to

assess the internal integrity of increasingly complex structures. As a result, non-destructive

testing (NDT) technologies, including ultrasonic testing (UT) and infrared thermography

(IRT), have seen widespread adoption in detecting subsurface anomalies via changes in

physical properties such as heat, sound, and magnetism [1].

Among these, thermography stands out for its non-contact, real-time imaging capabil-

ities, large-area coverage, and minimal operational disruption. Thermographic inspection

is generally classified as passive, relying on natural thermal emissions, or active, where

external stimuli such as flash or laser pulses are applied to induce measurable thermal

responses. Active thermography, including pulsed and laser-based methods, has shown

strong performance in the evaluation of carbon fiber-reinforced polymer (CFRP) materi-

als [2].

Ali et al. [3] have provided a comprehensive overview of the primary categories of

active thermographic techniques currently used in NDT. Based on their summary, six main
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types of active infrared thermography are widely adopted in the literature, each with

distinct operational principles and application scopes.

Each of these techniques is tailored to specific material types, defect depths, and

inspection environments. The applicable detection targets and optimal use cases for each

method are summarized in Figure 1, providing a comparative framework to guide the

selection of technologies in thermography NDT.

Figure 1. Overview of active IRT methods and empirical detectability guidelines (for sources, see

Table 1).

Table 1. Common active IRT methods.

Terminology Principle
Representative
ML Algorithm

Lock-In Thermography (LIT) [4–6]

Periodically modulates the energy source (e.g., lamp
or ultrasound) and analyzes each pixel’s thermal re-
sponse in the frequency domain to detect subsurface
defects.

CNN [7,8]

Pulsed Thermography (PT) [9,10]
Applies a short heat pulse and monitors cooling to
detect surface or shallow defects.

CNN [11,12]

Frequency-Modulated Thermography
(FMT) [13]

Applies heating with a changing frequency to detect
defects at different depths.

CNN [14]

Pulsed-Phase Thermography (PPT) [15]
Enhances defect contrast by applying phase analysis
to data from PT.

SVM [16]

Step-Heating Thermography (SHT) [17]
Uses slow, steady heating to detect deeper or low-
contrast defects.

SVM [18]

Long-Pulse Thermography (LPT) [19]
Applies long-duration heating for identification of
defects with slow thermal responses.

SVM [20]

Laser-Line Thermography (LLT) [21–23]
Uses a narrow laser line for localized, high-
resolution scanning.

Decision tree [24]

Laser-Spot Thermography (LST) [23,25,26]
Focuses a laser spot on a small area to detect fine or
localized defects.

CNN [27]

Recent simulation-based studies have also reinforced the diagnostic value of thermal

imaging. For example, Qiu [28] employed microCT-informed finite element models to

analyze how defects, such as voids and delaminations, affect the thermal conductivity of

FRP materials. The study revealed that defect-induced heat flow disturbances, coupled
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with the non-linear effects of moisture content, lead to localized thermal accumulation,

supporting the value of thermography in structural assessment and highlighting the need

for intelligent interpretation tools.

Coupled with robotics, thermographic systems now enable automated inspections,

significantly improving efficiency [29]. However, as Bossi [30] observed, this automation

also generates massive amounts of data, which are typically interpreted by trained human

operators using specialized software—an approach that is labor-intensive and costly. There

is a lack of clarity regarding the selection of a suitable machine learning (ML) algorithm

that works with a specific type of geography data. To address this bottleneck, artificial intel-

ligence (AI), particularly ML, offers a compelling solution by automating the interpretation

of thermal data.

Recent ML-based studies—especially those using convolution neural networks

(CNNs)—have demonstrated notable success in classifying thermal images, identifying

defect types, and localizing damage. However, while many of these works highlight strong

performance within their chosen models, there is a lack of comparative analysis between

algorithm types, limiting the practical guidance available for researchers and practitioners.

This paper addresses this gap by presenting a systematic literature review (SLR)

focused on the application of machine learning to thermographic NDT. Through a struc-

tured data collection and organization (SDCO) methodology, we evaluated how different

ML approaches have been used to improve thermal image postprocessing, ranging from

support vector machines (SVMs) to deep learning frameworks. We evaluated the effective-

ness, limitations, and domain suitability of each method with the goal of providing clear

evidence-based guidance for algorithm selection.

All thermographic modalities, whether passive or active, produce data that are

amenable to ML-based analysis. This review examines the current landscape of ML integra-

tion in thermographic NDT, paying particular attention to its practical benefits, technical

limitations, and implementation challenges. By identifying a critical gap in algorithm

selection and application, we position this review as a resource for both researchers and

practitioners seeking to deploy AI tools in thermal imaging-based inspection.

The remainder of this paper is split into four key sections: a thorough exploration

of the adopted methodologies, a description of the data sources, the precision of ML

algorithms for postprocessing in NDT, and a discussion of the nuances of the extant ML

frameworks currently in use for similar applications. The concluding section summarizes

the research achievements and inherent limitations and provides directions for future

research endeavors.

2. Methods

A systematic literature review is described by Booth as an explicit and reproducible

approach used to identify, evaluate, and synthesize the pre-existing work undertaken and

documented by researchers, scholars, and practitioners [31]. This paper applies the SALSA

framework, which consists of four primary steps: retrieval, assessment, synthesis, and

analysis. Each of these steps is elaborated upon in the following subsections.

2.1. Step 1—Search

Defining the scope of the study is essential to formulate clear and answerable ques-

tions. This review adopts the SDCO (sample, design, comparison, outcome) framework

(Table 2) to construct the purpose, objectives, and research questions.
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Table 2. SDCO framework for search strategy.

Sample
Thermography data of metal or composite plates or structures with
defects

Design Feature extraction, dataset generation, and training design
Comparison Different machine learning algorithms and neural network frameworks

Outcome
Classification accuracy of machine learning for postprocessing of ther-
mography data and accuracy of defect size and depth prediction

2.1.1. Aim, Objectives, and Research Questions

Guided by the SDCO framework, this review seeks to explore the variations in the

effectiveness of different machine learning algorithms in postprocessing thermography

data. This encompasses tasks such as feature extraction, employing a neural network,

ensuring computation precision, gauging processing times, and validating models. Beyond

this, the review also elucidates both the inherent uncertainties present in thermal imaging

data and those that arise during the application of the machine learning algorithm.

Central to our inquiry are the following research questions:

(a) In what ways does machine learning expedite the postprocessing of thermographic

data in non-destructive testing?

(b) What factors should be prioritized when choosing the appropriate machine learning

algorithm tailored to specific test data?

2.1.2. Search Strategy for Identification of Articles

To ensure the systematic nature of a review, it is imperative to have a well-defined

strategy for the retrieval of the literature. Identified works subsequently undergo a filtering

process dictated by both inclusion and exclusion criteria, which serve as critical determi-

nants in the selection of studies for the review (refer to Table 3). Furthermore, the specific

databases used for searching, the search terminologies employed, and the types of articles

targeted are explicitly delineated in this review.

Table 3. Inclusion and exclusion criteria for search strategy.

SDCO Inclusion Criteria Exclusion Criteria

Sample
Thermography data of different materials (both metals
and composites)

Other NDT data sources (like vibration)

Other defect test data sources

Design Dataset generation from different defect types or samples
Performance indices of infrared camera or
other equipment

Feature extraction from different defect types or samples
Experimental platform building based on thermography

Comparison
Different machine learning algorithms and neural net-
work frameworks

Other variables not related to machine learn-
ing algorithms and samples

Outcome
Performance of machine learning in postprocessing ther-
mography data and accuracy of defect size and depth
prediction

Studies that do not report relevant outcome
measures

Based on these criteria, a literature review was conducted with the purpose of compar-

ing references.

Data sources: The literature search used scientific indexing services such as Web of

Science, Science Direct, and Scopus.

Keywords included “machine learning” AND “thermography” AND “non-destructive

testing”.
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2.2. Step 2—Appraisal

Approximately 100 English journal and conference papers were identified through

our initial search through Scopus. Based on the inclusion and exclusion criteria, 67 were

identified as distinct and directly relevant to this review. In cases where articles produced

by the same authors presented similar methods and findings, they were treated as a

singular representative article. Although there may have been inadvertent omissions due

to search engine and platform limitations, the data derived from this search are broadly

representative given the specific subjects under examination. As indicated in Table 2, the

assessment framework encompassed the following:

• Data sources, data integrity, and data management;

• Exploration of methods and associated parameters (including preprocessing and ML);

• Sensitivity analysis related to parameters, data sources, and intrinsic uncertainties;

• Evaluation metrics tailored for ML efficacy;

• Established methods for validation and verification;

• Recognized biases within the data and the resultant conclusions.

2.3. Step 3—Synthesis

During the synthesis phase, pertinent information is extracted and classified from the

articles under review. Taking cues from Booth’s four elemental categories—publication

aspects, research facets, distinguishing characteristics, and concluding elements—and

combining these with pivotal information from works concerning machine learning and

thermal imaging, our review predominantly utilized the “characteristics” metric. This

allowed the categorization of the literature, highlighting the distinctive aspects of various

documents within the identified literature pool. Specifically, in this review, two pivotal

feature identifiers took precedence: the type of data and the machine learning methodol-

ogy involved.

2.4. Step 4—Analysis

The analysis phase consists of three steps.

(i) Thematic analysis: This focuses on gauging the pertinence of each theme in relation

to the articles assessed via qualitative data or quantifiable outcomes.

(ii) Discussion of the results: This involves a critical appraisal of the results, determining

their alignment with the review’s research questions. Such deliberations included in

the Results section.

(iii) Drawing conclusions: This step revolves around articulating the primary takeaways

in the Conclusions section, acknowledging the inherent limitations of the study and

providing avenues for future research.

3. Results

In this section, we present and discuss the results in terms of the four subcategories:

publishing elements, research elements, features, and conclusion elements.

Firstly, thorough quantitative evidence and explanation should be given regarding

the process of study inclusion/exclusion (from start to finish), summarized in an appro-

priate flow diagram. Secondly, a summary of the study characteristics should be derived,

informing the reader of the total number (sum of all studies), mean/median, age range,

comorbidities, and other appropriate characteristics of the subjects considered. This infor-

mation can be stored in a graph, but the key data must be present in the text.
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3.1. Publication Elements

The distribution of the selected works by year of publication reveals a significant

trend, which is shown in Figure 2. It is evident that research in the field of the automated

processing of thermography data using ML algorithms has experienced exponential growth

since 2020. Remarkably, the year 2021 alone saw 12 publications, which is almost equivalent

to the total publications published between 2009 and 2019. This surge underscores the

growing interest and focus in this research area over time. In particular, the period 2021 to

2023 contributed to most of these publications, and the increasing volume of research in

recent years clearly indicates the increasing recognition of the potential and applicability

of ML techniques in thermal imaging data analysis, reflecting both the rapid advance-

ments in the field and its expanding significance in various applications. This trend not

only demonstrates the evolving landscape of ML in thermography but also reaffirms the

timeliness and importance of the current review in capturing and understanding these

recent developments.

Figure 2. Distribution of the publications per year.

The distribution of the publications reviewed between journal and conference papers

is shown in Figure 3. Of these, 4 out of 66 (6%) are conference papers, while 62 out of 66

(94%) are journal articles. In the compilation of the literature for this review, it was observed

that conference papers typically offered less detailed explanations of the ML algorithms em-

ployed and a more superficial analysis of the data. Furthermore, access to some conference

papers was restricted, which limited their availability for this review. Consequently, journal

articles constitute most of the works reviewed. This preference for journals is attributed not

only to their greater accessibility but also to their comprehensive and in-depth treatment of

the given topic, including a detailed description of the methodologies and more rigorous

data analysis. The list of journals and conferences where the reviewed articles have been

published is shown in Tables 4 and 5.

Table 4. List of conferences.

Name of Conference Ref.

2016 IEEE 8th International Conference on Intelligent Systems (IS) [32]
Thermosense: Thermal Infrared Applications XLIII (2021) [27]

12th CIRP Conference on Photonic Technologies [LANE 2022] [33]
2018 6th International Renewable and Sustainable Energy Conference

(IRSEC)
[34]
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Figure 3. Distribution of the publications between journals and conferences.

Table 5. List of journals.

Name of Journal Ref.

IEEE Geoscience and Remote Sensing Letters [35]
IEEE Access [36–40]

IEEE Transactions on Industrial Informatics [41]
Wireless Personal Communications [42]

Proceedings of the Institution of Mechanical Engineers [43]
Advances in Engineering Software [44]

Polymers [45,46]
Sensors [12,18,47–49]

Composites Science and Technology [40]
Russian Journal of Nondestructive Testing [50]

Energies [51,52]
IEEE Sensors Journal [53]
NDT&E International [54,55]

Infrared Physics & Technology [2,56–62]
Journal of Nondestructive Evaluation [63]

Applied Sciences [64]
Measurement [18,65,66]

Engineering Applications of Artificial Intelligence [67]
international Journal of Adhesion and Adhesives [68]

Procedia Structural Integrity [34]
Neural Computing and Applications [69,70]

Remote Sensing [35,71]
Smart Materials and Structures [72]

ISA Transactions [73]
JOM [74]

Measurement Science and Technology [1,45,75]
Computers, Materials, Continua [76]

Forests [77]
Composites Part B: Engineering [78]

Composite Structures [79]
Quantitative InfraRed Thermography Journal [80,81]

Materials [82]

3.2. Study Elements

In this review of 59 articles on the application of ML algorithms in thermography pro-

cessing, the following classification is derived based on the different types of research objects.
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• Composite Material Defect Detection: A significant portion, comprising 34 publi-

cations, focuses on defect detection in composite materials, such as carbon fiber-

reinforced polymers (CFRPs), glass fiber-reinforced polymers (GFRPs), and various

metal materials. This category includes studies that use thermography to identify

structural weaknesses or inconsistencies in these materials.

• Electrical Equipment Defect Detection: Approximately nine articles are dedicated to

the detection of electrical equipment defects. This field involves the use of thermal

imaging to identify faults or anomalies in electrical components, contributing to

preventive maintenance and safety in electrical systems.

• Additive Manufacturing Monitoring: Five publications delve into the monitoring of

additive manufacturing processes. These studies explore the role of thermal imaging

in ensuring the quality and precision during the fabrication stages of additive manu-

facturing.

• Plant Growth Monitoring: Two articles address the application of thermal imaging

in monitoring plant growth. This unique application focuses on changes in specific

components, such as the nitrogen content in plants, which can help to improve agri-

cultural practices.

• Human Health Applications: In addition, there is one article that focuses on the use of

thermal imaging to detect breast-related health issues in humans. This signifies the

expansion of thermal imaging applications into the realm of medical diagnostics.

3.3. Characteristics

Machine learning is a method whereby human experts employ appropriate algorithms

to enable machines to learn and adapt to human behavior, extracting information and

knowledge directly from the given data. Once the machine completes its learning from

these data, it can automatically evaluate and perform learning tasks without adhering

to explicit rules. By applying various statistical and mathematical models to identify

patterns and draw inferences from data, it achieves decision making with minimal human

intervention. These algorithms improve their performance as they are exposed to more

data over time. Fundamentally, ML algorithms are categorized into three types: supervised

learning, where the algorithm learns from labeled training data; unsupervised learning,

which involves finding hidden patterns in unlabeled data; and reinforcement learning,

where an agent learns to make decisions by performing actions and receiving feedback.

In the articles reviewed, the primary objective of the machine learning algorithms

employed is to accelerate the analysis of the given thermal imaging and ultrasonic data,

while also enhancing the accuracy of the results. It should be noted that, for this review, the

application of ML in the field of ultrasonic inspection has been considered due to similarities

associated with NDT measurements and the limited literature on ML for thermography

measurements.

A key distinguishing feature among the identified studies is the variety of ML algo-

rithms used. This diversity reflects different approaches to processing and interpreting data,

each with its unique strengths and limitations. In this review, based on the examination of

the 62 journal articles identified, a comprehensive overview of the various methodologies

applied by different researchers is obtained, as shown in Table A2. This table not only

serves as a reference for the specific algorithms used but also highlights the breadth of ML

applications in thermal imaging and ultrasonics. The comparison of these diverse algo-

rithms provides valuable information about how different machine learning techniques can

be optimized for specific types of data analysis, contributing to the field’s understanding of

the most effective strategies for processing thermal and ultrasonic data.
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In addition to drawing conclusions, several recent studies have emphasized the im-

portance of preprocessing strategies to enhance the quality of thermal data before feeding

them into machine learning models. In active thermography, issues such as sensor noise,

non-uniform heating, and background interference can significantly impair signal-to-noise

ratios, reducing the effectiveness of subsequent ML-based defect characterization. To ad-

dress these challenges, Dong et al. [83] proposed a two-stage convolutional neural network

that jointly suppresses sensor noise and background variation in lock-in thermography data,

enabling clearer signal interpretation and improved defect detection performance. Likewise,

Matarrese et al. [84] explored how the lock-in excitation setup parameters (e.g., frequency,

amplitude, phase delay) influence the ability of temporal convolutional neural networks

to detect and characterize defects in CFRP materials. These studies underscore that the

preprocessing quality is a critical determinant of downstream ML model performance

and must be carefully considered when designing thermography-based NDT workflows.

Incorporating such denoising and normalization techniques can significantly boost the

robustness and generalization of ML algorithms across varied inspection scenarios.

3.4. Algorithm Types

Machine learning algorithms process thermographic data by extracting patterns from

thermal images (2D spatial data) or thermal signal sequences (1D temporal data). The

workflow typically involves data preprocessing (e.g., denoising, normalization), feature

extraction (manual or automatic), and classification. Traditional models such as SVM and

KNN rely on hand-crafted features, while deep learning models like CNNs learn feature

representations directly from raw data. Some studies also employ dimensionality reduc-

tion techniques (e.g., PCA) to enhance the classification performance. These approaches

enable the more accurate and efficient interpretation of thermal data for the detection and

characterization of defects in NDT.

This section will provide a brief description of the different ML algorithms used in this

review of the literature. A summary of the machine learning methods in the main papers

reviewed is shown in Table A1 in Appendix A.

a. Artificial Neural Network (ANN)

The ANN is a computational framework modeled after the workings and architectures

of biological neural networks. It consists of a series of interconnected units known as

neurons, each capable of executing basic mathematical calculations to convert input data

into output results. These interconnections have weights that are fine-tuned during training

to map input variables to their corresponding outputs [49]. A standard ANN configuration

comprises three primary layers: the input layer, which handles incoming data; one or

multiple hidden layers, where data features are represented and transformed; and the

output layer, which presents the final prediction or classification.

b. Multilayer Perceptron (MLP)

The MLP is a type of feedforward neural network that is notable for its straightforward

computational structure, clearly specified parameter space, and consistent effectiveness

across various tasks. Relative to other ANN designs, the MLP usually demands fewer

parameters and adopts a more concise architecture to reach comparable accuracy. In the

feature evaluation phase, each input is mapped to its specific node in the input layer.

During the diagnostic phase, the input layer is set up to handle a vector composed of

selected features, with each node representing one feature, enabling the model to learn

from a systematically organized set of relevant inputs.
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c. Deep Neural Network (DNN)

An ANN with several hidden layers is termed a deep neural network (DNN). These

hidden layers enhance the model’s ability to learn non-linear relationships via activation

functions like sigmoid, tanh, or ReLU. Each neuron’s full connection to adjacent layers

ensures efficient feature propagation and transformation across the network.

d. K-Nearest Neighbors (KNN)

The KNN algorithm predicts the output for a given query point considering the

outputs of its K-nearest training samples, usually identified via the Euclidean distance [40].

The parameter K specifies the number of neighbors to include in the prediction. Depending

on the problem, KNN is employed for classification, selecting the label that appears the

most frequently among neighbors, or regression, calculating the average of their values.

Weighting can be performed uniformly or inversely proportional to the distance, allowing

the model to prioritize closer samples during predictions.

e. Convolutional Neural Network (CNN)

Traditional machine learning techniques such as SVM and KNN require the manual

extraction or statistical derivation of features based on expert insights. In contrast, deep

learning models, especially convolutional neural networks, inherently learn pertinent

features directly from unprocessed data, facilitating comprehensive defect detection with

little human input. CNN architectures typically begin with one or more convolutional

layers. These layers employ multiple adjustable filters that traverse the input feature maps

to perform the weighted summation of local regions, allowing the extraction of localized

spatial features [56]. The pooling layers are commonly placed after the convolutional

layers to decrease the spatial dimensions of the feature maps. This involves scanning

fixed-size windows across the feature maps and calculating statistical values like the

maximum or average within each window. Following the feature extraction phase, the

resulting features are flattened and passed through one or more fully connected layers for

final classification [70]. CNNs have been extensively used for defect classification in both

composite materials and metallic structures, especially in thermographic inspection systems.

Their ability to discern spatial and texture-based patterns from thermal images facilitates

the precise identification of typical defect types such as delamination, voids, cracks, and

corrosion. This capability makes CNNs an invaluable tool for automated classification

tasks in non-destructive evaluation across various material systems [12,52,64,70,85].

f. Support Vector Machine (SVM)

Traditional machine learning techniques such as SVM and KNN require the manual

extraction or statistical derivation of features based on expert insights. In contrast, deep

learning models, especially convolutional neural networks, inherently learn pertinent

features directly from unprocessed thermal data, facilitating comprehensive defect detection

with little human input. CNN architectures typically begin with one or more convolutional

layers. These layers employ multiple adjustable filters that traverse the input feature maps

to perform the weighted summation of local regions, allowing the extraction of localized

spatial features [56]. The pooling layers are commonly placed after the convolutional

layers to decrease the spatial dimensions of the feature maps. This involves scanning

fixed-size windows across the feature maps and calculating statistical values like the

maximum or average within each window. Following the feature extraction phase, the

resulting features are flattened and passed through one or more fully connected layers for

final classification [70]. CNNs have been extensively used for defect classification in both

composite materials and metallic structures, especially in thermographic inspection systems.

Their ability to discern spatial and texture-based patterns from thermal images facilitates
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the precise identification of typical defect types such as delamination, voids, cracks, and

corrosion. This capability makes CNNs an invaluable tool for automated classification

tasks in non-destructive evaluation across various material systems [12,52,64,70,85].

g. Generative Adversarial Networks (GANs)

Generative adversarial networks (GANs) are a class of deep generative models that

consist of two competing neural networks: a generator and a discriminator. During train-

ing, the generator G learns to produce synthetic thermal images that mimic the true data

distribution, while the discriminator D learns to distinguish between real and generated

images [86]. In practice, G tries to create samples that closely resemble the target distribu-

tion, and D acts as a binary classifier to separate real infrared images from those produced

by the GAN [86]. Through this adversarial, game-like training, the generator gradually

improves until its outputs are difficult to distinguish from real thermographic data.

In thermographic NDT, GANs have been applied both to augment and enhance ther-

mal image data and to automate defect detection. One common use is data augmentation:

GANs learn the distribution of real infrared frames and generate new synthetic images to

enrich limited NDT datasets. For example, Liu et al. proposed a spectral normalization

GAN (SNGAN) to “learn the thermal image distribution, thereby generating virtual images

to enrich the dataset” in composite inspections [46]. This approach (called GMLT) uses

the GAN generator to create additional thermographic images that capture typical defect

patterns and background variability. Another role of GANs is image enhancement: many

thermographic NDT problems suffer from a low resolution or noise. GAN-based superres-

olution models (e.g., SRGAN variants) can upsample low-quality infrared frames. Cheng

and Kersemans’ Dual-IRT-GAN, for example, uses a generator to produce high-resolution

thermograms from low-resolution input while simultaneously enhancing defect visibility

with attention maps [78]. Finally, GANs can perform image-to-image translation for seg-

mentation: a conditional GAN can directly map infrared images to defect masks. In the

IRT-GAN framework, the generator takes multiple preprocessed thermal images (such as

principal component or signal reconstruction frames) and fuses them using a multihead

strategy to produce a single defect segmentation map [79]. In other words, the GAN learns

an end-to-end transform from IR data to defect annotations, automating what is normally

performed by an expert.

3.5. Feature Extraction

The ML algorithms used in the selected articles and the corresponding data sources and

data types are compiled in Table A2 in Appendix B. Among them, 36.95% of the articles

use digital signals and 73.05% use images. Most articles using image data for ML adopt

the method of cropping and converting images into grayscale images to facilitate feature

extraction. This may be because the first-hand data obtained through the camera are image

data, assuming that the data are not processed at all. Some articles propose image denoising

methods based on ML. Note that, in most cases, the image features are selected manually.

Most articles using signals as ML algorithms use thermographic signal reconstruction

(TSR), a polynomial fitting method, and principal component analysis (PCA) as data signal

enhancement and denoising methods. The feature selection of signals is mostly based on

the temperature decay curve of the selected experimental objects, such as metal plates.

3.5.1. Thermographic Signal Reconstruction (TSR)

Thermographic signal reconstruction involves adjusting the evolution of the tempera-

ture to an nth-degree polynomial, as shown in Equation (1) [87]:

T(t) = antn + an−1tn−1 + . . . + a1t1 + a0 (1)
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When the infrared camera captures pulsed thermographic data, polynomial fitting

is used to filter out noise from the signal. The processed data are then converted to a

logarithmic domain. This treatment compresses the thermal sequence of the original data.

In addition, it is utilized for the analytical calculation of time derivatives. This has been

shown to be one of the best methods of improving defect visualization [30], especially

when using the second-order derivative.

3.5.2. Principal Component Analysis (PCA)

PCA is a method of projecting high-dimensional responses into a low-dimensional sub-

space through orthogonal projection using eigenvalue or singular value decomposition [57].

In thermography data processing, matrixing the original high-dimensional thermography

data and using fewer orthogonal dimensions to represent the feature vectors and eigenval-

ues of the data covariance matrix allows one to identify the principal components. Finally,

it is transformed into a smaller, low-dimensional dataset for better visualization.

Reducing the number of variables in a dataset naturally comes at the cost of reduced

accuracy, but the key aspect of dimensionality reduction is to sacrifice a small amount of

accuracy for simplicity. Because smaller datasets are easier to explore and visualize, the

analysis of data points becomes easier and faster for machine learning algorithms, without

dealing with irrelevant variables.

4. Discussion

Compared with other non-destructive testing technologies, thermography has ad-

vantages such as remote detection, the fast scanning of large areas, improved detection

efficiency, and the ability to be applied to high-density materials. ML has also been proven

to accelerate the analysis of data generated by thermal imaging with high accuracy. The

combination of ML and IRT for non-destructive testing has broad application prospects.

According to Shakeel’s [29] research, ML algorithms, especially backpropagation neural

networks combined with thermography technology, have the potential to improve NDT’s

accuracy, sensitivity, and specificity, particularly in medical detection. The SLR indicates

that ML methods can be applied to most inspection cases and that there are no inspection-

related constraints on the use of ML. The ML methods may need to be tuned (model

structure, hyperparameters) to maximize their performance, but the diversity of data and

methods in the literature seems to indicate the potential for the widespread use of ML for

NDT, particularly showcasing these systems’ potential in preventing equipment failure

and system breakdowns [44]. However, research on the combination of thermography and

ML technology for non-destructive testing still has certain limitations. These limitations

are summarized in the following sections.

4.1. Significance of Using Machine Learning in the Field of NDT

The first-hand data provided by an IR camera are images consisting of spatial pixels

containing temperature data. For engineers, the ideal outcome is to visually identify

internal defects within the tested object directly from the images obtained. However, due

to limitations in the performance of cameras and other conditions, detecting small-impact

defects (with an impact energy of 3J) is more challenging compared to other methods, such

as ultrasonic or vibration-based inspection [88]. Postprocessed thermal imaging data are

necessary to help engineers to obtain accurate results.

The raw data generated by the IR camera are vast in volume, not only making manual

processing time-consuming but also increasing the uncertainty. ML models can automati-

cally identify and extract features from images and utilize high-performance computing

resources to process large datasets in parallel. The goal of researchers is to employ anomaly
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detection algorithms so that machine learning models can automatically discover and

report potential defects, without the need for engineers to manually inspect each image.

This approach not only significantly shortens the inspection cycle but also enhances the

reliability and consistency of the results, being of tremendous value in the industrial sector.

4.2. Lack of High-Quality Public and Unified Datasets

The dataset size/representation seems to be a limiting condition in most reviewed

studies. The size of the dataset has a significant impact on the selection of ML algorithms.

In the process of addressing problems using ML or DL methodologies, model training

requires extensive datasets. However, in most current research within the relevant field,

datasets are constructed by researchers through their own experiments [30,32,50] due to

various issues such as ownership and confidentiality, as well as differences in the physical

properties of different test subjects, and there is a lack of open-access datasets that could

serve as benchmarks. Additionally, the constraints on experimental conditions mean that

smaller datasets lead researchers to favor machine learning algorithms like SVM, which are

less sensitive to the size of the dataset.

In the non-destructive testing of materials, such as CFRP or metal materials, whether

the datasets are generated experimentally or based on finite element analysis, the predefined

defect structures for testing are overly simplistic. The most applied defect structure consists

of specifically shaped air gaps within the base structure. Some studies have also used

cracks as a defect feature. However, the occurrence of defects is much more complex and

varied. Datasets generated from singular defect features may reduce the confidence in the

accuracy of the final algorithms.

4.3. Algorithm Performance

Variations in data analysis performance can be attributed to differences in the data

used, in combination with the ML algorithms used. In Buongiorno’s [64] study, modifica-

tions to the parameters or algorithms themselves resulted in data that demonstrated nearly

identical accuracy for the same test datasets. However, deep learning algorithms required

more learning time and did not always achieve an advantage in accuracy, especially in the

case of small datasets [89,90]. The reported results indicated that there were no clear corre-

lations between the methods used and the accuracy of the classification. The implication is

that most methods are likely capable of good classification performance, with the results

depending on the data used and model parameter tuning.

4.4. Deep Learning: Current Conditions

Deep learning, a relatively new and promising subfield of machine learning, trains

on vast datasets and has surpassed the limitations of traditional ML algorithms, enabling

more reliable and efficient detection in highly complex scenarios. However, the current

research does not show that deep learning significantly outperforms traditional methods in

defect prediction accuracy. In studies before 2019, the features applied to deep learning

were manually selected, which could be one of the reasons for the decrease in algorithm

performance [36]. Since 2019, researchers have increasingly used CNNs to extract high-

dimensional data features, rather than employing PCA for feature extraction. Using CNNs

for feature extraction has further enhanced the automation of the analysis process, and

the extracted features are considered better suited for classifiers, although this process

consumes more time [77]. Currently, algorithms based on large language models have

the potential to allow the autonomous selection of features for ML, which could be one

direction for the development of deep learning in the field of non-destructive thermography

testing [91].
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4.5. Uncertainty of Existing Research

Despite recent progress, several important aspects of machine learning applications in

thermographic NDT remain underexplored in the current literature. These include chal-

lenges related to dataset size determination, class imbalance, and data bias, all of which can

significantly affect model robustness and generalization. In addition, limited attention has

been paid to feature selection strategies, hyperparameter tuning, and the documentation of

model optimization workflows. The issues surrounding result reproducibility, the quantifi-

cation of predictive uncertainty, and the use of probability of detection (POD) curves are

also not adequately addressed in many studies. Furthermore, practical considerations, such

as the software platforms used, the computational environment, and the required expertise

for implementation and interpretation, are often omitted or only briefly mentioned. These

gaps highlight the need for greater transparency and standardization. Fortunately, many of

these concerns are receiving increased attention in the broader machine learning research

community, and potential solutions are beginning to emerge in all domains [27].

4.6. Probability of Detection

The POD is also referred as the positive predictive probability. It defined as “the

probability that a given damage in a component will be detected using a given inspection

method”. It is expressed as

POD =
TP

FN + TP
(2)

FN = false negative;

TP = true positive. Probability of detection judgment criteria can be seen in Table 6.

Table 6. Probability of detection judgment criteria.

True False

Positive
An item has defects, and the NDT
method detects it.

No flaw exists and the NDT method
indicates a flaw.

Negative
No flaw exists, and the NDT method
has no indication of a flaw.

An item has defects and the NDT
method does not detect it.

The probability of detection (POD) curve is a widely used tool in NDT to quantify

the relationship between defect detectability and defect characteristics, particularly size. It

represents the likelihood of successfully identifying defects of varying severity, providing

an intuitive way to assess and compare the effectiveness of different inspection approaches.

In practical settings, it is generally acknowledged that no NDT technique can achieve

absolute certainty in detecting all flaws, even those of considerable size. Therefore, a

commonly accepted performance benchmark is a detection probability of 90% with sta-

tistical confidence of 95%. This standard indicates that the method should reliably detect

90% of relevant defects, with high confidence in the reliability of the estimate [92]. When

applied to ML-based NDT analysis, POD curves serve as a valuable means of illustrating

the predictive capacity of learning algorithms. They provide a statistical framework for

the evaluation of model performance and can support validation by linking the algorithm

output to practical defect detection expectations.

The general ML literature includes methods for data selection, model tuning, sensitiv-

ity analysis, performance evaluation metrics, and verification and validation. Open-source

software is also available for many of these aspects. As a result, it is likely that these

techniques are primarily applied to standardized image and time series data.
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5. Conclusions

Our work comprehensively reviews the progress in applying ML techniques in the

field of thermography NDT. The intersection of these two domains highlights the trends

and opportunities associated with ML, leveraging its efficient data processing capabilities

across various fields. The results were derived using a structured approach, reviewing

over 60 related papers to thoroughly examine the current state of research in ML and deep

learning algorithms for thermography NDT.

Convolutional neural networks (CNNs) and support vector machines (SVMs) are the

main highlighted methods, accounting for 18% and 23%, respectively. This reflects their

reliable performance in handling image and signal data, especially noting the excellent

performance of SVMs when dealing with smaller datasets.

The type and source of data are key aspects that were elucidated in our analysis.

Images and signals are dominant in analytical research. Observing the simultaneous use

of images and signals in a single study highlights the potential benefits of multimodal

data integration.

Demonstrating confidence in the results of ML algorithms will require careful attention

to data selection. Representative, common datasets are likely to be necessary to increase

the confidence in ML performance and allow easier comparison between methods and

their verification and validation, as these are required to demonstrate the impact of ML

on the reliability of NDT. Methods of quantifying confidence bounds or uncertainty in the

predictions of the ML algorithm are also important to ensure valid classification results.

Sensitivity studies related to model parameters are likely to be important in improving

the confidence in the reported results. The impact of noise in the data on the results and

the uncertainty throughout the process must be a part of the assessment.

Moreover, it is crucial to acknowledge a significant limitation in the current research:

the lack of a high-quality database hinders the training of high-quality ML algorithms.

This limitation could cause algorithm selection to be restricted to those suitable for small

datasets, ultimately leading to a lack of innovation. In addition, uncertainties in dataset

optimization and parameter tuning are present in related studies. Therefore, the creation of

a high-quality database becomes a major requirement to solve this problem. It is a good

approach to combine finite element simulations with laboratory experiments to create a

database with multiple defect modes and material properties.

Essentially, our synthesis of the research findings not only highlights the progress

being made but also points out gaps in existing research. It suggests that diversification

in data types and collection techniques will form the basis for the optimization of ML

contributions to thermography data analysis.

Future work will focus on researching algorithms that offer higher performance and

usability for integration with active thermographic NDT [89].

Exploring methods that can automate the entire thermographic NDT process may

offer significant opportunities for the manufacturing, maintenance, and asset management

fields in the future.
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Abbreviations

The following abbreviations are used in this manuscript:

NDT non-destructive testing

UT ultrasonic testing

IRT infrared testing

CFRP carbon fiber-reinforced polymer

ML machine learning

SLR systematic literature review

AI artificial intelligence

SDCO systematic data collection and organization

ReLU rectified linear unit

UD uniform distribution of weights

KNN K-nearest neighbors

DNN deep neural network

MLP multilayer perceptron

ANN artificial neural network

CNN convolutional Neural Network

SVM support vector machine

TSR thermographic signal reconstruction

PCA principal component analysis

Appendix A

Table A1. Summary of machine learning methods in main papers reviewed.

Method Features Comments Refs.

GAN
Comprises a generator and a
discriminator that compete to

improve performance.

Excellent for generating realistic
images, useful in synthesizing
or enhancing thermal images.

[38,45,46,51,78,79]

MLP
A basic form of neural network

with multiple layers and
backpropagation training.

Suitable for straightforward
pattern recognition in thermal

data but may struggle with
complex spatial data.

[18,36,41,44,52,55,67,74]

ANN
Composed of interconnected
nodes mimicking biological

neural networks.

Versatile for various NDT tasks,
offering flexibility in handling
diverse thermal imaging data.

[27,34,42,44,49,72–74]

SVM
Efficient in high-dimensional
spaces, focuses on finding the

maximal margin.

Effective in classifying thermal
image features, particularly in

clear-cut defect recognition.

[18,27,34,43,52,53,55,57,62,66,
93]

KNN

Unsupervised learning; simple,
instance-based learning

algorithm that classifies based
on nearest training examples.

Useful for thermal imaging
when patterns are well defined

and consistent.
[40,62,64]

CNN

Using convolutional layers to
efficiently capture spatial and
hierarchical patterns within

data.

Highly effective in feature
extraction and pattern

recognition in thermal imaging,
especially in defect detection.

[12,33,38,39,48,50,52,63,68,71,82,
85,94]
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Table A1. Cont.

Method Features Comments Refs.

Bi-LSTM

Processes data in both forward
and backward directions,

effectively capturing complex
temporal sequences and

dependencies in data.

Applicable for analysis of time
series thermal imaging data,

such as in continuous
monitoring.

[67]

DNN
Contains multiple hidden layers

for learning of complex data
representations.

Capable of handling intricate
thermal imaging data but

requires substantial data and
computational resources.

[50,65]

FCN

A non-parametric, probabilistic
approach that models the

distribution of possible
outcomes, excelling in

predicting continuous outputs
with uncertainty estimation.

Performs well with small-scale
thermal imaging datasets,

providing uncertainty estimates
with predictions.

[59]

RNN

A type of neural network
designed for sequential data
processing, characterized by

their ability to

maintain internal memory of
previous inputs, making them

ideal for tasks involving
temporal dependencies.

[56,60,61]

Hybrid
algorithms

Use multiple distinct machine
learning techniques, leveraging

their individual strengths to
enhance overall performance

and address complex problems
more effectively than

single-method algorithms.

Provide improved performance
in complex thermal imaging

data analysis tasks but may be
complex to implement and

optimize.

[34,37,56,95]

SDL

An algorithmic approach where
the model autonomously

identifies learning tasks and
strategies, adapting its learning
process based on evolving data

and objectives.

Has potential in scenarios
requiring adaptive learning for
thermal imaging analysis, an

emerging area.

[75]

SK-Means

The K-means algorithm is a
partitional clustering method

that groups data by minimizing
the squared distances between
points and their nearest cluster

centroids. The SK-means
variant extends this approach

by integrating a region
segmentation step into the

clustering process.

High performance in thermal
imaging by incorporating
spatial continuity into the

standard K-means framework.
This spatial constraint reduces
sensitivity to noise, leading to

more coherent and reliable
defect localization.

[81]

U-Net

A convolutional neural network
tailored for pixel-wise

segmentation tasks. It combines
a contracting path to extract the
region surrounding each pixel

and an expansive path for
precise localization.

High performance with small
datasets, but overlapping areas
around adjacent pixels reduce

training efficiency.

[80]
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Appendix B

Table A2. Summary of feature extraction and data processing in main papers reviewed.

Ref.
Machine
Learning

Model

Experimental
Object

Data Type Features

[36] MLBPNN Brain Image Surface highlights of the areas of interest.

[41] MLP
AL sheet, FS

weld
Image

ROI was manually cropped from the recorded
grayscale image.

[42] ANN Breast Image

Fifteen features from each image. The features are
entropy, mean, kurtosis, median, mode, contrast,

standard deviation, correlation, variance, skewness,
energy, homogeneity, dissimilarity, inverse difference

moment, and area.

[32]

K-means
unsupervised

machine
learning

CFRP plate Image

Speeded-up robust features (SURF); each point of a
blurred image is expressed in terms of an encoded
word using 64 single-precision float variables and

represented by its position in space, the scale level at
which the gradient is the maximum (or minimum), and

its dominant direction.

[43] SVM
Electrical

transformers
Image

A 2048-dimensional feature vector is formed for each
image, obtained by 32 feature maps with 16 (4 × 4)

region points.
[44] SVM CFRP plate Image Not mentioned

[45] GAN CFRP plate Image
Total of 308 × 212 pixels were selected as the region of

interest.
[18] SVM MLP RF FEM in AM Signal Not mentioned
[40] KNN CFRP Signal Not mentioned

[85] CNN& DNN CFRP plate Signal
Thermal response at a spatial resolution of 315 × 317

pixels in all thermograms.

[52]
CNN-RF and

SVM

High-voltage
power

transformer
Image

Features were learned using an innovative deep
learning approach.

[74] UL
AM metallic

specimen
Image

Compression of thermography data cube
(720 × 864 × 1200) matrix with 16-bit elements.

[51] ANN MLP Substation Signal
The seven first-order features are mean, variance,

standard deviation, skewness, kurtosis, energy, and
entropy.

[53] SVM CDT LDA
Induction

motor
Signal

Feature values: mean, kurtosis, energy, standard
deviation, entropy, and skewness.

[55] SVM
Composite

sample
Image Not mentioned

[33] VGG16 CNN
Calcium
fluoride

Image Not mentioned

[38]
MLP KNNDT

RF ET
Steel plate Signal

The change in the highest-temperature point on the
defect.

[64] CNN Laser welding Image
20 features, describing the specimen’s response to laser

heat welding excitation, both in time and space.

[66]
DEEPLAB-V3+

CNN
CFRP Image 3 channels and 30 channel images.

[67] BI-LSTM
Steel

flat-bottom
hole

Image and
Signal

Time series data.

[57] SVM Metal Image Pixels of the image.

[65] DNN
Five different
metal alloys

Image and
Signal

Not mentioned
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Table A2. Cont.

Ref.
Machine
Learning

Model

Experimental
Object

Data Type Features

[85] CNN
Mild steel
specimen

Signal Linear fitted temporal thermal profile

[27] SVM ANN FEA plant root Signal Temperature data from the cooling process

[34] ANN
Thermal barrier

coating
Signal

Temperature evolution for each instant of the
acquisition time

[62]
SVM KNN

LDA DT
Electronic Signal Noisy data of anomaly models

[18] SVM Nylon and PLA Signal
Regions of interest (ROI) of 4 × 4 pixels, one for the

defect area and the other for a non-defect area
[44] SVM CFRP Signal Not mentioned

[70]
CNN

(ResNet50)
CFRP Image Not mentioned

[93] KNN
Composite

sample
Image Damage contour in image

[61] RNN Plexiglass Signal
Temporal evolutions occurring at specified points on

the investigated surface
[71] SVM ANN Wheat leaf Signal Wheat leaf nitrogen content

[60]
Based on
regressive

neural network
Plexiglass Signal

Temporal evolution of temperature rise recorded at
sampling instants

[12] CNN
Plexiglass,

CFRP and steel
Image Defect localized and segmented by the mask

[69] RCNN
Flat-bottom
hole defects

Image Region of interest from the raw image

[72] ANN CFRP Image Not mentioned

[73] MLP
Switchboards

of different
buildings

Image
Regions of interest (ROI) for both reference and hot

components

[49] ANN CFRP Image
Thermal pattern obtained from pseudo-static sequence

is divided into small sections

[95]
Hybrid neural

algorithm
Surface of a

coated sample
Signal Not mentioned

[48] RCNN Fiberboards Image Not mentioned

[74]
TBSS and

STSDL

SS-316L plates
and one

INC718 plate
Image Condensed 2D data from image pixels

[69] GAN CFRR Image ROI containing 308 × 212 pixels
[56] LSTM-RNN GFRP Signal Not mentioned

[37] GNB
Stator

Imbalance
Signal Selection of the necessary feature vector by PCA

[76] ERF EDT ELR
Breast cancer

image
Image

Extracted by combining ResNet101 transfer learning
and VGG16 transfer learning with their combined

functionalities
[79] GAN CFRP Image Original image resized to 256 × 256 pixels

[46] GAN CFRP Image
An 308 × 212 pixel thermogram was selected as the

region of interest

[78] GAN CFRP Image
Images of 64 × 64, 128 × 128, and 256 × 256 pixels

compressed from the original image
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Table A2. Cont.

Ref.
Machine
Learning

Model

Experimental
Object

Data Type Features

[77] CNN

Eight wood
species within
the Fabaceae

family

Signal Data matrix extracted by matrix

[81] SK-means CFRP Image Image after TSR processing

[80] U-Net
Composite film
material plate

Image Grayscale image

[82] CNN

Acrylonitrile
butadiene

styrene (ABS)
polymer

Image
Defect area and sound area images cropped from the

original image
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