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ABSTRACT ARTICLE HISTORY

For non-destructive evaluation, the segmentation of infrared ther- Received 12 September 2024
mographic images of carbon fibre composites is a critical task in Accepted 17 January 2025
material characterisation and quality assessment. This paper pre- KEYWORDS

sents a study on the application of image processing techniques, Infrared thermograph:
particularly adaptive thresholding, and advanced neural network segmentation; U-Net;
models, including U-Net, DeeplLabv3, and BiLSTM, for the segmen- Deeplabv3; BiLSTM;
tation of infrared images. This work introduces the innovative composite material
combination of DeeplLabv3 and BiLSTM applied in infrared images

of carbon fibre-reinforced polymer samples for the first time, pro-

posing it as a novel approach for enhancing the accuracy of seg-

mentation tasks. An experimental comparison of these models was

conducted to assess their effectiveness in identifying artificial

defects in these images. The performance of each model was

evaluated using the F1-Score and Intersection over Union (loU)

metrics. The results demonstrate that the proposed combination

of DeeplLabv3 and BiLSTM outperforms other methods, achieving

an F1-Score of 0.96 and an loU of 0.83, showcasing its potential for

advanced material analysis and quality control.

1. Introduction

Composite materials are essential structural components widely used in industries, such
as aerospace and wind turbine blade construction [1-5]. However, defects that arise
during the manufacturing and handling of laminated composites can pose significant
safety risks and may result in substantial losses [6].

The emergence of composites as a distinct material class occurred in the mid-20th
century, characterised by the development of intentionally engineered multiphase com-
posites, including Carbon-Fibre-Reinforced Polymers (CFRP). In recent years, advanced
image processing techniques and machine learning approaches like deep neural networks
have been increasingly utilised to segment thermographic images of CFRP, enabling
more precise identification of structural defects [7-10].

CONTACT Henrique Fernandes () h.fernandes@cranfield.ac.uk

© 2025 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/
licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited. The terms on which this article has been published allow the posting of the Accepted Manuscript in a repository by the author(s) or
with their consent.


http://orcid.org/0000-0002-7078-9620
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/10589759.2025.2457593&domain=pdf&date_stamp=2025-12-18

46 I. GARCIA VARGAS AND H. FERNANDES

Given the critical role of CFRP in industries such as aerospace and automotive,
ensuring the integrity of this material is extremely important [11]. Defects, including
cracks, delaminations, and voids, can severely compromise the performance and dur-
ability of CFRP components.

Therefore, the implementation of robust Non-Destructive Testing (NDT) meth-
ods is essential for detecting and quantifying these flaws without inflicting damage
on the material [12]. Infrared thermography (IRT) emerges as an NDT and efficient
technique for assessing the condition of CFRP components. However, raw thermo-
graphic data is often plagued by noise, necessitating the use of advanced processing
techniques to accurately identify defects [13]. In this context, image processing
methods and cutting-edge deep learning techniques are frequently employed to
distinguish relevant thermal patterns associated with defects from background
noise.

This study presents a comprehensive approach that combines IRT with advanced deep
learning techniques to improve the accuracy of defect segmentation in IRT images. Four
segmentation methods were employed: adaptive thresholding, the U-Net model, the
DeepLabv3 model, and our proposed hybrid approach that, for the first time, integrates
DeepLabv3 with a BILSTM network for the task of segmentation of IRT images of CFRP
samples. This novel combination represents a prospect step in enhancing the accuracy
and effectiveness of segmentation tasks. We use metrics such as F1-Score and
Intersection over Union (IoU) to evaluate the performance of our methodologies and
validate the effectiveness of the proposed models in defect segmentation. The paper
details the development of deep learning models, with a focus on the specific adaptations
and optimisations made for processing thermographic data, and provides a comparative
analysis of these algorithms in defect segmentation and identification. Our approach
utilises a curated dataset of thermographic images, annotated with expert knowledge, to
train and test the deep learning models. This dataset includes defects with different
dimensions at different depths.

The paper is organised as follows: Section 2 reviews related works, discussing previous
research in the field of IRT and deep learning for defect detection in composite materials.
It reveals the key advancements and gaps that this study aims to address. Section 3 details
the methodology, providing an in-depth explanation of the image processing techniques
and the reasons for their selection, along with a discussion of the deep learning techni-
ques employed. Section 4 outlines the dataset preparation process and the training
process for the deep learning models. Section 5 presents the results of the image
segmentation and defect detection, offering a comparative analysis of the effectiveness
of the various methods used. Finally, Section 6 concludes the study with a discussion of
the findings and offers suggestions for future research directions. Finally, Section 7
acknowledge to the partners who contributed to the success of this research.

2. Related works

The application of deep-learning techniques to IRT images has shown significant pro-
mise in enhancing image analysis and interpretation, due to the ability of these techni-
ques to automatically learn and extract features from large datasets. Many papers of deep
learning applications using IRT images have been published in recent years. These
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include many researches on different fields of studies, with some being detailed in this
session.

The work carried out by [7] aims to perform a comprehensive analysis of
a neural network when used as a post processor to quantify defect depths from
CFRP thermograms. The authors used a Pulsed Termography (PT) methodology to
inspect the materials and generate the thermograms. A pipeline based on filters was
applied in the thermal data to remove noises such as reflections and residual heat.
An in depth study is carried out to compare and analyse the effect of different
parameters on the accuracy and robustness of the neural network result using two
sets of data, a original dataset create by PT, and a cleaned dataset which received
a treatment pipeline to remove thermal noise such as the reflection and the
contribution from the surroundings and the residual heat from the pulse source.
The best result achieved in this study was an accuracy of 92% using the cleaned
dataset.

An approach to determine the depth of defect in composite materials, more precisely,
in CFRP of aviation structure is presents in [14]. The authors used a laser infrared
thermography (LIT) system to inspect the material and built a dataset to train and
validate the developed model. An architecture of long-short term memory recurrent
neural network (LSTM-RNN) was used to train the proposed model. The purpose of the
paper is to compare the results using the proposed methodology with other two tradi-
tional architectures, RNN and CNN, concluding that they achieved better results using
the proposed methodology. The model achieved a recall of 95% while the traditional
algorithms, RNN (one hidden layer and containing 128 nodes) and CNN (64 convolu-
tional kernel), achieved a recall of 84% and 80%, respectively.

The work developed in 2021 by [15] presents a study of defect depth estimation based
on Gated recurrent units (GRUs). The work proposes to solve the problem of insufficient
precision in the estimation of the depth of defects. Active IRT was applied to obtain raw
thermal sequences of the surface temperature field distribution of the inspected sample.
Before training the GRU model, Principal Components Analysis (PCA) was used to
reduce the dimension of the raw sequence and eliminate the correlation of the raw data
sets. Then, the GRU model was used to automatically estimate the defect’s depth. The
results indicate that PCA-processed datasets outperform raw temperature datasets in
model learning when evaluating defect depth characteristics. According to the authors,
the recall achieved by the GRU network was over 95% for defect depth of 1 mm.

Defect detection of subsurfaces is one of the hardest tasks in the industry. The
paper presented by [16] addresses the challenging problem of subsurface defect
detections using a combination of active thermography and deep learning. The
main contribution of this work is to compare object detection rather than seman-
tic segmentation or classification. The experiments were performed in a dataset
obtained by applying active thermography to a single carbon fibre solid laminate
sheet; this type of material consists of several carbon fibre layers, each layer with
fibres oriented in a specific direction, stacked and bonded together with a resin.
The defects in the laminate have different sizes: 12 x 12mm, 7 x 7 mm, and 5 x
5mm, and different depths: 0.63 mm, 1.46 mm, and 2.08 mm. They used
a MobileNetv2 architecture to perform the classification model, a U-Net to per-
form segmentation and YOLOV5 to perform the detection model. According to
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Table 1. Summary of related works.

Work Spatial Feature Temporal Feature Used Metric Result
[7] Yes No Accuracy 92.0%
[14] No Yes Recall 95.0%
[15] Yes No Recall 95.0%
[16] Yes No F1-score 96.0%
[171 Yes No POD 95.0%
This Work Yes Yes F1-score 96.29%

the authors, the detection model achieved the best result on the test dataset
compared with the others. The YOLOv5 architecture achieved a precision of
97%, a recall of 95% and an F1-Score of 96%.

IRT is widely used for defect detection in composite materials, but identifying
defect characteristics is often hindered by noise and uneven backgrounds in thermal
images. To address these challenges, a novel thermography-based method employing
a semantic segmentation network is proposed by [17] to enhance defect contrast and
extract features. AG-UNet, with a spatial self-attention gate module, was used to
capture spatial features, while 3D-UNet, incorporating 3D and temporal convolutions,
extracted both spatial and temporal thermal features to improve defect segmentation.
Compared to traditional techniques like PCA, TSR, and FFT, the proposed approach
significantly enhanced detection performance, achieving a probability of detection
(POD) of 0.95, enabling the identification of defects with smaller diameter-to-depth
ratios.

2.1. Work contribution

Considering the criteria discussed so far, it is evident that the related works presented
numerous strengths along with certain limitations, as outlined in Table 1. Considering
the limitations primarily, the main original contributions of this work can be summarised
as follows:

e A novel architecture is proposed that integrates both temporal and spatial features,
enhancing the model’s ability to capture complex patterns. Unlike most studies that
use standalone models with spatial or temporal data, this approach leverages both
data types to improve performance.

¢ The results obtained are equivalent or superior (in most cases analysed) to the state-
of-the-art methods for the dataset evaluated.

e The Fl-score is used as the primary evaluation metric, ensuring high precision and
high recall in performance assessment. This metric is important because it balances
the trade-off between precision and recall, providing a more comprehensive evalua-
tion of model performance, especially in cases where data imbalance is critical.

e The combination of temporal and spatial features demonstrates the potential to
achieve the best results, as evidenced by the superior performance metrics.
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3. Methodology

The methodology applied in this study involves four main steps, as depicted in Figure 1.
These steps include thermographic data acquisition, manual annotation of defects by an
expert, defect segmentation using traditional image processing techniques, and defect
segmentation using deep learning models. Further details regarding each step are pro-
vided in the subsequent sections to give a comprehensive understanding of the approach.

3.1. Active thermography

Active IRT is an NDT technique that leverages the principles of thermodynamics and
IRT imaging to, among other things, evaluate the thermal properties of materials. In this
process, a heat source is applied to the surface of the material being inspected, resulting in
a localised temperature increase. The material’s thermal response is subsequently
recorded using an IRT camera, which detects the emitted infrared radiation [1]. This
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Figure 2. Active thermography.
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entire process is shown in Figure 2. By analysing the thermal patterns captured by the
camera, it is possible to infer valuable information about the material’s internal structure,
including the presence of defects and anomalies.

PT is a variant of active IRT in which the heat source is applied in short pulses rather
than continuously. This pulsed approach allows for greater control over the heating
process, thereby enhancing detection sensitivity, particularly for identifying small or
shallow defects. PT offers significant advantages in terms of speed, efficiency, and
versatility, making it an invaluable tool in fields such as aerospace, automotive, and
materials science for quality control and defect detection [18].

3.2. Adaptive threshold

Adaptive thresholding is an image processing technique that dynamically adjusts to local
intensity variations within an image to facilitate its segmentation [19]. This approach is
widely used for the thermographic analysis of IRT images, where the complex thermal
properties and structural heterogeneity often result in localised and variable thermal
contrasts [20].

In the context of active IRT inspections, the propagation of heat through
a material can be disrupted, if they exist in the material, by internal discontinuities,
such as delaminations, porosity, or inclusions. These disruptions alter the local
thermal conductivity, leading to variations in the observed heat distribution [21].
This heat distribution manifests on the material’s surface and is captured by an IRT
camera, with temperature differences and contrasts appearing as variations in pixel
intensity on the IRT images. The adaptive thresholding method enables the isolation
of these contrasting anomalies by adjusting the segmentation thresholds based on
local mean or intensity variations, thereby enhancing the accuracy of defect
detection.

Formally, adaptive thresholding is defined as follows in Equation (1). For
a pixel p(x,y) in a IRT image I, the adaptive threshold T(x,y) can be calcu-
lated as:

) s (1 (2 1)) w

where m(x, ) is the local mean intensity, which is calculated by averaging the pixel values
in a predefined neighbourhood around the pixel p(x, y). This neighbourhood consists of
a small window of pixels centred at (x, y). The local mean intensity is used to adapt the
thresholding process to local variations in intensity across the image. s(x, y) is the local
standard deviation, k is an empirical adjustment parameter, and R is the dynamic range
of pixel intensities.

To apply adaptive thresholding for segmentation, we first calculate the threshold
T(x,y) for each pixel p(x,y) using the formula provided in Equation (1). Once the
threshold is determined, the segmentation process involves comparing the intensity of
each pixel in the image I(x, y) to its corresponding threshold T'(x, y). If the pixel intensity
I(x, y) exceeds the threshold T (x, y), the pixel is classified as part of a defect; otherwise, it
is classified as part of the background. This pixel-wise classification creates a binary
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Figure 3. The architecture of the U-Net.

segmentation mask where pixels belonging to defects are labelled as 1 and the back-
ground as 0. This mask is then used to isolate and analyse the defect regions in the IRT
images.

3.3. U-Net

The U-Net neural network is a widely used architecture for image segmentation, parti-
cularly important in both medical and industrial applications [22]. Originally developed
by [23], U-Net is recognised for its efficiency in scenarios with a limited number of
training samples and its ability to capture both contextual and localisation details
simultaneously.

The U-Net architecture is distinguished by its symmetric structure, as illustrated in
Figure 3. It comprises two main parts: a contracting path (encoder) and an expansive
path (decoder). The contracting path progressively reduces the image dimensions while
increasing the depth of the features, effectively extracting high-level representations. The
expansive path then employs up-sampling operations and convolutions to reconstruct
the image from these encoded features, enhancing the resolution and precision of the
segmentation by refining the localisation of the identified features.

3.4. DeeplLabv3

DeepLabv3 is a deep neural network architecture specifically designed for semantic
image segmentation tasks, known for its effectiveness in identifying and segmenting
complex features across a wide range of applications. One of the key innovations in
DeepLabv3 is the use of ‘atrous convolution modules’ (also known as dilated convolu-
tions), which allow the network to capture contextual information without reducing
spatial resolution [24]. This capability is advantageous in the segmentation of defects in
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IRT images of CFRP, where variations in texture and temperature are common chal-
lenges [25].

Moreover, DeepLabv3 includes a spatial classification module called ‘Atrous Spatial
Pyramid Pooling’ (ASPP), which employs multiple dilation rates to capture context at
different scales. This feature enhances the model’s ability to detect and segment defects
with varying characteristics and sizes, making it effective for analysing the complex
thermal patterns found in IRT images [24].

Figure 4 illustrates the DeepLabv3 architecture. It starts with convolutional
layers that progressively reduce the image resolution to extract features, followed
by the use of atrous convolutions to expand the field of view without increasing
computational complexity. The key component, ASPP, uses atrous convolutions
with multiple rates and global pooling to obtain detailed features at different scale
levels.

3.5. BiLSTM

While convolutional neural networks (CNNs) are highly effective at capturing spatial
features, recurrent neural networks (RNNs) excel in modelling temporal dependencies in
sequential data. Bidirectional Long Short-Term Memory (BiLSTM) networks, a variant
of RNNs, are adept at capturing long-range dependencies by processing data in both
forward and backward directions. BILSTM networks can be employed to analyse tem-
poral sequences of images captured over time [26]. In this paper, we propose to use
BiLSTM for the first time on IRT data for defect detection in CFRP samples. This
approach is particularly beneficial for monitoring the evolution of thermal patterns,
offering additional information into the presence and progression of defects as they
develop, thereby enhancing the accuracy and reliability of defect detection. The applica-
tion of BiLSTM in this context represents a novel approach, offering the potential to
uncover patterns that were previously difficult to detect with only spatial methods.

To understand BiLSTM networks, it is essential to first grasp the concept of Long
Short-Term Memory (LSTM) networks. LSTMs are a variant of RNNs specifically
designed to address the vanishing gradient problem, which hampers standard RNNs in
learning long-term dependencies. This architecture was introduced in 1997 by [27].

As illustrated in Figure 5, LSTMs are distinguished by the inclusion of a memory cell
and three key gates: the input gate, forget gate, and output gate. These gates regulate the
flow of information within the network, allowing it to retain or discard information as



NONDESTRUCTIVE TESTING AND EVALUATION e 53

Memory / \
Cea

;@ > Ce
Forget Input Output @
Gate Gate Gate
Fe It O¢
Hidden State | n
H¢
el ——> H:
Input X

Figure 5. LSTM architecture.

outputs
A A

backward
layer LSTM LSTM LSTM

X A A
forward __{ 5[ |STM LSTM
layer
inputs Xt-1 Xt Xt

Figure 6. BiLSTM architecture.

needed. The input gate controls the extent to which new information is written to the
memory cell, the forget gate determines what information should be discarded from the
cell, and the output gate controls the release of information from the cell to the rest of the
network. This structure enables LSTMs to maintain long-term dependencies and makes
them particularly powerful for sequential data processing tasks.

A Bidirectional LSTM (BiLSTM) was introduced in 1997 by [28]. It consists of
two LSTM layers: one that processes the sequence in the forward direction (from
start to end) and another that processes the sequence in the backward direction
(from end to start). The outputs of these two layers are then combined, typically
through concatenation or summation, to provide a more comprehensive under-
standing of the sequence.

Figure 6 presents the BiLSTM architecture. The forward LSTM layer captures
the information flowing in the traditional left-to-right direction, while the back-
ward LSTM layer captures the reverse flow of information, from right to left. By
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combining these two outputs, the BiLSTM network is able to utilise both past and
future context within a sequence, making it effective for tasks that require
nuanced temporal analysis, such as defect segmentation in time-sequenced IRT
images.

4. Dataset preparation and model training

4.1. CFRP IRT dataset

The dataset used in this study is composed of a set of images originating from a PT
inspection of a CFRP laminate. The sample is a unidirectional carbon/PEEK laminate
with a fibre volume fraction of 61% with a stacking lay-up of [0,/90,]¢. The laminate,
measuring 100 x 100 mm, included artificial Kapton tape inserts of different sizes which
were strategically placed at specific layers prior to moulding, as illustrated in Figure 7.

The nominal depths of the defects, before moulding, are 0.13 mm for D1, 0.26 mm for
D2, and 0.39 mm for D3. Artificial kapton tape inserts, with nominal sizes of 2 x 2 mm,
3 x3mm, and 4 x 4 mm were placed at these specific depths (D1, D2, and D3) and in
different layers during the moulding process.

During the PT inspections, a midwave infrared (MWIR) camera was used to capture
thermal profiles following a short, intense pulse of heat. The IRT camera recorded images
at a resolution of 640 x 512 pixels with a frame rate of 55 hz, resulting in a total of 1,053
images that comprise the dataset used in this study. Figure 8 shows a sample of the
acquired dataset with defects being displayed as a temporal evolution of a surface defect
captured at different time steps, showing variations in its appearance over time.

100 mm

1%t layer

ww oot

2" Jayer
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Figure 7. Position of the defects on the layers of the laminate.
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Figure 9. Comparison of annotated image and corresponding segmentation mask.

Analysing such temporal changes is important for defect segmentation, as it enables early
detection, tracks progression, and improves the segmentation models.

Data annotation

For this study, all collected images were annotated by an expert to create the dataset to
train the model. The annotation process was done using the VGG Image Annotator,
a web-based annotation tool developed by the Visual Geometry Group at the University
of Oxford [29]. This tool was chosen for its simplicity, ease of use, and flexibility in
handling image annotation tasks.

Once the annotation process was completed, the annotated regions were compiled to
create the ground truth dataset, which is used as the segmentation mask. This ground
truth serves as a reference for training and validating the results of the models created in
this study. Figure 9 presents a comparison of the original image, the annotated image,
and the corresponding segmentation mask.

4.2. U-Net setup

The model was implemented using the PyTorch library, leveraging GPU processing
capabilities that are very important for efficiently training large image datasets [30].
The model architecture consists of repeated blocks of convolutional and activation
operations. Each block performs two sequences of operations, including a 2D
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convolution, batch normalisation, and the ReLU activation function, applied in
succession.

The contraction path follows a chained structure, where each block is suc-
ceeded by a max-pooling operation to reduce the spatial dimensions. This path
includes four levels of double convolutions, with a increase in the number of
filters, starting from 64 and scaling up to 512 filters at the final level. The
expansion path uses bilinear upsampling operations to enhance the spatial resolu-
tion of the learned features. After each upsampling step, the corresponding feature
map from the contraction path is concatenated, followed by another convolutional
block.

Upon completing the contraction and expansion paths, a final convolution is applied
to map the learned features into a binary segmentation map output. This is achieved
using a convolutional layer with a single filter, designed to produce the final
segmentation.

The model is optimised using the Adam algorithm, with an initial learning rate of
1 x 1072, Binary Cross Entropy with Logits Loss (BCEWithLogitsLoss) is used as the loss
function. Training is conducted over 60 epochs, with the model parameters being
adjusted in a parallel processing environment on the GPU, ensuring efficient and
effective learning.

4.3. DeeplLabv3 setup

The implementation of the DeepLabv3 model in this study utilises the ResNet-101
architecture as its backbone, which was selected for its robust feature extraction cap-
abilities [31]. This architecture uses a pre-training phase on extensive datasets, which
enhances the model’s ability to generalise across many visual representations.

To suit the specific requirements of our task, the model’s first convolutional layer was
adapted to handle standard 3-channel RGB inputs, which is common in many computer
vision tasks. However, since thermographic images consist of only a single channel (often
representing temperature data in greyscale), the model’s architecture had to be adjusted
accordingly. Additionally, the final convolutional layer within the classifier module was
modified to produce output channels corresponding to the binary segmentation task.
This ensures that the model’s output aligns with the task’s requirements.

The model was trained in a computational environment optimised for high perfor-
mance, leveraging GPU acceleration. The training process uses the Binary Cross-Entropy
with Logits Loss (‘BCEWithLogitsLoss’) function, which is appropriate for binary classi-
fication problems. The Adam optimiser was used to update the model parameters, with
an initial learning rate set at 1 x 10~*. The training was conducted over 60 epochs to
ensure the model’s robustness.

4.4. BiLSTM setup

The BiLSTM architecture utilised in this study is designed to capture both past and
future dependencies within input images. This model is integrated with DeepLabv3,
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where the features extracted by the BIiLSTM are used as additional input to the
DeepLabv3 network.

The BiLSTM model is optimised using the Adam optimiser with an initial learning
rate of 1 x 1072, The learning rate is reduced on a plateau when the validation loss ceases
to improve, allowing the model to fine-tune the learning process. The choice of loss
function is task-dependent: cross-entropy loss is applied for classification tasks, while
mean squared error (MSE) loss is utilised for regression tasks. Training is conducted over
60 epochs with a batch size of 32, leveraging GPU acceleration to expedite the process.

4.5. Training, validation, and test data

The dataset comprises 1053 images of CFRP samples, which were divided into training,
validation, and test sets. Specifically, 70% of the images (737 images) were used for
training, 15% (158 images) for validation, and the remaining 15% (158 images) for
testing. This split ensures a balanced representation of the defects in each subset,
facilitating robust model training and evaluation. Prior to training, each image was
normalised to enhance contrast and detail. Additionally, data augmentation techniques
such as rotation, flipping, and scaling were applied to the training set to increase the
diversity and robustness of the models.

4.6. Evaluation metrics

For this study, F1-Score and IoU were used as evaluation metrics. The F1-Score is
a measure of a test’s or model’s accuracy, considering both precision and recall. It is
particularly useful when the classes are imbalanced. The F1-Score is the harmonic mean
of precision and recall, providing a balance between these two metrics [32]. It is
calculated using the Equation (2):

Precision x Recall

Fl=2x-—" )
Precision + Recall

IoU is a common metric for evaluating the performance of segmentation tasks. The
metric quantifies how much a model’s prediction overlaps with the true object area [33].
IoU is calculated using Equation (3), by dividing the intersection area between the
predicted bounding box and the actual bounding box by the size of the union of the
two boxes.

Intersection Area
IoU =

(3)

Union Area

The closer the IoU is to 1, the more accurate the model’s detection. An IoU close to 0
indicates low accuracy in predicting object locations. In this study, we considered
defective and sound pixels instead of defect ‘object’ for the purpose of these metrics.

5. Experiments and results analysis

In this study, some experiments were conducted to evaluate the effectiveness of
various image processing techniques for defect segmentation in IRT images of
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(a) Original Image (b) Segmentation Mask c) Adaptative Threshold
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Figure 10. Comparison of the different methods applied.

CFRP with artificial delaminations. Four segmentation methods were employed:
adaptive thresholding, the U-Net model, the DeepLabv3 model, and a hybrid
approach integrating DeepLabv3 with a BiLSTM network. The segmentation
results for a representative image, displaying six defects, are presented in
Figure 10.

These defects include two with dimensions of 4 x 4 mm, two with dimensions of 3 x
3 mm, and two with dimensions of 2 x 2 mm. Figure 10(a) shows the original raw image,
extracted from time t = yys from the pulsed thermography sequence, with manually
annotated defects. Here, t = yys refers to the specific time instant in the thermographic
recording when the heat diffusion was sufficient to reveal all six defects clearly, where yy
is the time in seconds. Figure 10(b) shows the corresponding segmentation mask,
Figure 10(c) illustrates the results of adaptive thresholding, Figure 10(d) shows the
segmentation using the U-Net model, Figure 10(e) shows the results from DeepLabv3,
and Figure 10(f) shows the segmentation achieved using our innovative approach
combining DeepLabv3 with a BILSTM.

The mask for segmentation shown in Figure 10(b) is a binary mask created from
manual annotations of the defects as described in Section 4.1.1. Each pixel in the mask is
labelled by an expert as either a defect (value 1) or a non-defect (value 0). This mask
serves as a ground truth reference for evaluating the segmentation performance of
different methods. The manual annotation process involves marking the exact locations
and boundaries of defects in the IRT images, ensuring that the segmentation models have
accurate targets for training and validation.
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Figure 11. Training and validation process for Unet model.

Initially, an adaptive thresholding method was employed to segment the IRT images,
resulting in an average F1-Score of 0.7519 and an Intersection over Union (IoU) metric
of 0.2375. While this approach was computationally efficient, the outcomes shows that its
segmentation results was limited.

Subsequently, the U-Net model was trained to develop a better robust segmentation
approach. The results demonstrated a modest improvement over the initial approach,
with the model achieving an IoU of 0.6141 and an F1-Score of 0.9142. This performance,
when compared to adaptive thresholding, suggests that a deep learning-based approach is
more effective in capturing the complexities associated with the thermal data. Although
the model outperformed in terms of IoU and F1-Score, it exhibited signs of overfitting, as
illustrated in Figure 11(a), where the training loss decreases rapidly and stabilises at
a very low value close to zero. This suggests that the model is performing exceptionally
well on the training data, achieving minimal loss. However, the validation loss remains
constant and does not decrease over epochs, staying at a relatively high value, indicating
that the model is not improving on the validation data. Figure 11(b) shows the training
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Figure 12. Training and validation process for DeepLabv3 model.
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and validation IoU over epochs. The training IoU starts low but rapidly increases within
the first 10 epochs, then continues to improve more gradually and it stabilises with some
fluctuations. The validation IoU also starts low, increasing quickly in the first few epochs,
and then follows a similar trend to the training IoU.

Subsequently, a DeepLabv3 neural network was implemented. This technique demon-
strated a good improvement compared to the previously tested approaches, achieving an
F1-Score of 0.9406 and an IoU of 0.7419. The high performance of DeepLabv3 shows its
ability to segment areas of interest in complex thermographic images.

Figure 12(a) displays the training and validation loss, starting relatively high and
decreasing rapidly in the first few epochs. It stabilises around a very low value close to
zero, indicating that the model is learning the training data well. The validation loss
follows a similar pattern to the training loss, starting high and then decreasing rapidly. It
also stabilises at a low value, almost matching the training loss. Both training and
validation losses decrease very quickly within the first 10 epochs and then remain low
and stable. This suggests that the model is minimising loss and achieving good perfor-
mance on both the training and validation datasets. Figure 12(b) shows the IoU for
training and validation, both of which improve over time, suggesting that the model is
learning and getting better at the task of image segmentation.

In the final phase of the experiments, the DeepLabv3 neural network was applied in
conjunction with a BiLSTM network. The introduction of BiLSTM is an innovative
approach and aimed to enhance the model’s performance by incorporating temporal
features, leading to a significant improvement in the results. Together, these techniques
achieved an F1-Score of 0.96298 and an IoU of 0.83123.

The performance evaluation of the DeepLabv3 model combined with a BiLSTM layer
demonstrates robust learning and generalisation capabilities, as evidenced by Figure 13
with a convergence of both training and validation IoU metrics around 0.83. The model’s
rapid reduction in loss during the initial epochs, with both training and validation losses
stabilising near zero, suggests effective learning without overfitting.

The performance of the image segmentation techniques employed in this study was
also compared with outcomes reported in similar research. For example, the study
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Figure 13. Training and validation process for DeepLabv3 + BiLSTM model.



NONDESTRUCTIVE TESTING AND EVALUATION 61

[oJeXe)
i
t-4 t-5
variation on time
(a) Original images over time.
o000

t t-1 t-2 t-3 t-4 t-5

variation on time

(b) Predicted images over time.

Figure 14. Comparison of original and predicted images over time.

detailed in [25] utilised a UNet architecture and achieved an F1-Score of 0.745 and an
IoU of 0.593 for segmenting step-heating thermography images of composite laminates.
In contrast, our implementation of UNet achieved an F1-Score of 0.9142 and an IoU of
0.6141, suggesting an enhanced segmentation capability, potentially due to differences in
training methodologies and dataset variations. The same study also applied the
DeepLabv3 architecture and reported an F1-Score of 0.776 and an IoU of 0.629. Our
results using DeepLabv3, with an F1-Score of 0.9406 and an IoU of 0.7419, surpass these
results. The aggregation of a BILSTM layer in the DeepLabv3 model improved the results
even more, underscoring the effectiveness of our model’s configuration and training
process.

In another study, authors in [34] reported a high IoU of 0.924 in their investigation of
digital image correlation (DIC)-based damage detection for CFRP laminates using
machine learning-based image semantic segmentation. Although this study did not
specify an F1-Score, the high IoU indicates highly effective segmentation, which could
be attributed to specialised processing techniques or highly optimised model parameters.
While our IoU values are lower than those reported by [34], it is important to note that
our method is specifically tailored to handle the complexities of thermographic data, such

Table 2. Comparison of results for different models.

Model F1-score loU Notes

Adaptive Thresholding  0.7519  0.2375  Low performance; struggles with complex defect detection.
U-Net 0.9142 0.6141 Improved performance; slight overfitting observed.

DeepLabv3 0.9406  0.7419  Significant improvement; good generalization without overfitting.

Our proposed method  0.96298 0.83123  Best performance; effectively captures spatial and temporal features.
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as variable thermal contrasts and noise levels, which may present different challenges
compared to DIC-based methodologies.

Figure 14 illustrates a sequence of frames showing variations over time. Figure 14(a)
displays a sample of the original images captured over time, while Figure 14(b) presents
the corresponding predicted images generated by the proposed model. These predictions
highlight detected defects in the same temporal sequence, demonstrating the model’s
capability to effectively identify and track defects in CFRP materials over time.

The performance comparison of all models tested in this study is summarised
in Table 2. This table provides a concise overview of the segmentation metrics,
including IoU and F1-Score, for each approach evaluated. The results highlight
the incremental improvements achieved by transitioning from traditional image
processing techniques, such as adaptive thresholding, to deep learning-based
architectures. The proposed model, DeepLabv3 combined with a BiLSTM network,
demonstrated the highest performance metrics, emphasising its potential for
defect segmentation tasks in IRT inspections of CFRP materials.

6. Conclusion

This study investigated the application of image processing techniques and deep neural
networks, specifically U-Net, DeepLabv3, and BiLSTM, for the segmentation of thermo-
graphic images of CFRP. The methods were evaluated using metrics such as F1-Score and
IoU, with the innovative DeepLabv3 + BiLSTM combination demonstrating superior
performance.

The proposed model achieved an F1-Score of 0.96298 and an IoU of 0.83123, under-
scoring its effectiveness in identifying structural defects in CFRP through IRT images
obtained from PT experiments.

The superiority of our proposed approach, DeepLabv3 + BiLSTM, compared
with other deep learning approaches, as described in Table 2 in Section 5, and
with related works, as shown in Table 1 in Section 2, suggests that it is particu-
larly well suited for addressing the complexities inherent in thermographic
images, making it a valuable tool for NDT.

The results indicate that the proposed model can generalise well to images of
different resolutions. However, since the experiments were conducted solely with
CFRP materials, its generalisability to other types of materials and defects cannot be
guaranteed. This limitation highlights the need for future work, including the creation
of a more diverse dataset to enable further experiments and validation across a wider
range of applications.

Additionally, while the model demonstrated high accuracy, its computational
efficiency in real-time applications should be further analysed and optimised.
Future studies could explore lightweight network architectures or hardware-specific
optimisations to enhance its applicability in industrial settings where efficiency and
scalability are critical.

This work not only focus on the efficacy of advanced deep learning techniques in
practical NDT applications but also contributes to future research aimed at optimising
these models and extending their application to other material diagnostics. Future studies
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will focus on integrating additional data modalities and sensor fusion techniques to
further enhance the accuracy of defect segmentation and detection.
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