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Abstract

Although machine Learning has demonstrated exceptional applicability in thermographic inspection,
precise defect reconstruction is still challenging, especially for complex defect profiles with limited defect
sample diversity. Thus, this paper proposes a self-enhancement defect reconstruction technique based on
Cycle-consistent Generative Adversarial Network (Cycle-GAN) that accurately characterises complex defect
profiles and generates reliable artificial thermal images for dataset augmentation, enhancing defect
characterisation. By using a synthetic dataset from simulation and experiments, the network overcomes the
limited samples problem by learning the diversity of complex defects from FEM modelling and obtaining the
thermography uncertainty patterns from practical experiments. Then, an iterative strategy with a self-
enhancement capability optimises the characterisation accuracy and data generation performance. The
designed loss function structure with cycle consistency and identity loss constrains the GAN’s transfer
variation to guarantee augmented data quality and defect reconstruction accuracy simultaneously, while the
self-enhancement results significantly improve accuracy in thermal images and defect profile reconstruction.
The experimental results demonstrate the feasibility of the proposed method by attaining high accuracy with
optimal loss norm for defect profile reconstruction with a recall score over 0.92. The scalability investigation
of different materials and defect types is also discussed, highlighting its capability for diverse thermography

quantification and automated inspection scenarios.
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1. Introduction

Quantitative damage & degradation evaluation for key components, structures and materials are widely
recognised as an indispensable cornerstone in industrial modernisation, maintenance science and life-cycle
engineering management. The requirements in terms of Structural Health Monitoring (SHM), manufacturing
quality control, damage inducement & propagation analysis raise an increased demand for inspection accuracy,
resolution, and decision reliability. Non-Destructive Testing & Evaluation (NDT&E) provides multiple
profound technologies for fault diagnosis and damage evaluation to understand the product life-cycle and
support effective maintenance schedules [1-3]. Infrared Thermography (IRT) is widely developing due to its
rapid, non-contact, intuitive, robust, non-invasive inspection, which has been deployed in multiple industries

for integrity assessment and material property characterisation.

The thermal imagery or videos are the typical raw inspection outputs in IRT which contain not only the
feature of defects during the heat transfer but also the material and structural thermal pattern in both spatial
and time domains. Traditional IRT post-processing methods aim to enhance the defect contrast and improve
the Signal-to-Noise Ratio (SNR) for higher detectability and measuring the location, size or depth of defects.
Typical methods [4], including Thermographic Signal Reconstruction (TSR), Principal Component
Thermography (PCT), and Pulse Phase Thermography (PPT), have been widely used to enhance the SNR of
defective areas [5, 6]. However, accurate reconstruction of the defect profile is always time-consuming and
needs numerous calibration samples as well as human pre-knowledge. It is especially difficult for small and
complex irregular profiles, the boundary of which will be distorted and blurred in thermal images. Further, the
deviation in the heating transfer and capturing process always result in uncertainties for decision-making in
periodic inspection. Therefore, an automatic, accurate defect profile reconstruction method with less input

from human pre-knowledge is highly demanded.

Being grateful to the powerful feature mining of machine learning algorithms and increasing application
in IRT data, been developed for aiding automatic inspection decision-making [ 7]. Neural networks (NNs), with
their various variations techniques, are reported to be effective in damage and defect identification. Recurrent
NNs (RNNs) like Gated Recurrent Unit (GRU) and Long Short-Term Memory (LSTM) [8] have been applied
for applications for enhancement of the probability of detection, and classification of defect types utilising
temporal thermal features within pixel-level. Defect features [9, 10] like thermal conductivity, temperature
contour, and temporal derivative peaks are well-learned to discriminate the defect position, infill, depth and
size. Additionally, for defect boundary characterisation, imagery-based Convolutional NNs (CNNs) also
present effectiveness at spatial feature learning against noise for defect profile segmentation. Xie et al. [11]
proposed an unsupervised learning Autoencoder model to improve the visibility of rear surface cracks in
inductive thermography. Marani et al. [12] used CNN to detect defects with multiple sizes and depths. As
another type of CNN-based method tending to explore a single thermal image, VGG, CNN variations and
transfer learning models have been applied in cooling radiators, solar photovoltaic modules, CFRP

manufacturing [13], solar energy key components [14], machine faults diagnosis [15, 16], and crack detection



in integrated structures and materials in electronic packaging components [17, 18]. In combination networks,
transfer learning and deep learning are structured to improve defect detection in composites. Further, the
comparison works [19] have been conducted to report the effectiveness of the synthetic dataset, including
simulation and experimental data using YOLO, Fast-RCNN, and Mask-RCNN. It reported that the synthetic
dataset is practical and helpful in scenarios without enough experimental data [20]. However, these researches
mainly deal with regular shape defects like circles or squares rather than irregular complex shape defects, and

they need adequate training data in advance to guarantee accuracy.

A key factor for the machine learning-based data analysis for inspection is the database, which is required
to be both comprehensive and diversified to ensure the network can learn sufficient cases and reliable features
of interest, and avoid overfitting simultaneously. An insufficient dataset may result in cognitive uncertainties
and inaccurate characterisation. However, it is costly and sometimes impossible to acquire numerous defect
samples from real-world NDT applications. To address this challenge, the synthetic data, fused with multiple
types of data sources (simulations and experiments), can effectively provide complementation, which utilises
the data diversity from simulations and conforms to realistic factors from experimental data. Generative
Adversarial Networks (GANs) is proposed to serve as an effective synthetic data augmentation tool to generate
new data with similar analytical features [21-23]. GANs are employed to enrich fault samples to detect the
faults in bearing faults [24]. It is also utilised to generate minority samples as additional sources for unbalanced
datasets to diagnose faults [25]. For IRT, the hypothesis is that GAN can learn the structural, material, and
thermal transfer mechanics and produce the data of new defective samples [26, 27]. Similarly, the adversarial
learning capability of GANs can also be utilised for defect inspection to resolve the noise influence in
thermography [28, 29]. The GAN was structurally improved in the joint loss to enhance its capability for
training stability, which results in a higher detection rate in multiple defect objectives [30, 32]. The Cycle-
GANSs network, proposed by [31], provides a dual-direction concept for image translation between graphical
styles with double-trained GANs. The evolved networks have been reported for machine failure diagnosis [33],
crack inspection by vision detectors [34], and fault component detection in rail tracks. It lays down a promising
architecture for thermographic inspection for both data augmentation purposes and defects characterisation
enhancement using the augmented database. However, there is still very limited research to investigate its

applicability for IRT.

This paper proposes a self-enhancement thermography inspection network to upgrade the automatic
complex defect reconstruction using a cyclic dual image generation strategy. The novelty of the proposed

strategy lies in the following aspects:

1. It provides an automatic and accurate characterisation approach for internal complex defect profiles
in thermographic NDT.
2. A FEM+GAN strategy combined with a synthetic database of simulation and experiment is introduced

to overcome the challenge of limited defect samples for network training.



3. A Cycle-GAN-based strategy is proposed for thermal inspection data augmentation and defect
reconstruction simultaneously.
4. It is equipped with an iterative self-enhancement capability to find out the optimal defect

characterisation accuracy and thermographic data generation quality.

The rest of the paper is organised as follows. The overall methodology and the network architecture are
described in Section II. Then, the dataset preparation is presented in Section III. Section IV reports results and
performance evaluation. The network loss optimisation and scalability of the proposed method are discussed

in Section V. Finally, the conclusion and future work are given in Section VI.

2. Methodology

2.1. Overall methodology
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Figure 1. The proposed overall methodology

Figure 1 presents the principle and overall methodology of the proposed technique. In the first step, a
synthetic dataset is established with both FEM simulation and experimental inspection results of the
thermographic inspection for initial training of the cycle-GAN network. The experimental data provides
realistic inspection uncertainty and thermal noise, while the simulation data provides diversity and
comprehensiveness of the defect profiles, which is usually difficult to achieve in experiments. Then, the dataset
of defect profiles and their corresponding thermal inspection image is fed to the network to learn the thermal
transfer pattern of defects during thermographic inspection. By utilising dual generative discriminating
capabilities, the network can generate thermal images from defect profiles in the form of binary images and
can also determine the defect profile from thermographic inspection data. The generated thermal image data
is used to self-improve the network iteratively by augmenting the thermal image dataset. This effectively
addresses the limitation of Al-based decision-making for an NDT inspection with a small database. Finally,
thanks to the self-enhanced network, the inspection discriminator is able to reconstruct complex defect profiles

accurately. Benefitting from the comprehensiveness of synthetic data and generative self-improvement



architecture, this bilateral Al-based thermography technique can provide powerful applicability for complex
defect reconstruction. It also can be used as an effective data generator for the application of other machine

learning methods.

2.2. Network Architecture
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Figure 2. Network architecture

Generative adversarial models have shown effective applicability in image denoising, image translation,
linguist interpretation and semantic segmentation. A traditional GAN-based network consists of a generator
and discriminator denoted by G and D, respectively. The generator G focuses on producing samples to data
space from a prior noise distribution, while the discriminator aims to judge the real/fake probability of a data
space sample. Two operators (generator and discriminator) compete to win in the minimax campaign while
respectively improving themselves from opposite judgement. The loss function of a GANs-type model is

defined as Eq. (1)
mGin mDaX'CGAN (G, Dy, X,Y) = Eypynatn [logDy ()] + Ex~pdam(x)[109(1 - DY(G(X))] (D

where X and Y denote the random noise space and target sample space, respectively. The generator G attempts
to generate samples G (x) that target the domain Y, while the task of the discriminator Dy is to distinguish
between translated samples G (x) and the ground truth y. For inspection applications, most studied GANs are
normally utilised for single detection purposes, such as defect localisation or segmentation from thermal

images or thermal image augmentation from defect profiles.

A cycle thermography GAN design is proposed in this paper for thermography data augmentation and
complex defect reconstruction simultaneously based on the cycle-GANs principle. This network forms a
double-channel and nose to tail structure to implement double generating of thermography thermal/defect

profile images, while simultaneously dually discriminating their probability of generated validation. Based on



the cycle-GAN principle, double adversarial training models can learn to map the outputs of two generators G

and F loopily that yield the same distribution as the target domains Y and X, respectively.
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Figure 3. Structure of the heat generator in half cycle GAN

The proposed network architecture is shown in Figure 2. The first GAN includes a profile generator Gp
and a characterisation discriminator D-. The second GAN includes a heat generator Gy and a thermal
discriminator Dr. In the first half cycle, a thermographic inspection image is fed into the profile generator Gp
to generate (detect) its defect profile and try to trick the characterisation discriminator D.. Then the generated
profile image is translated back to the thermal image by Gy . Similarly, in the second half cycle, a defect profile
binary image is fed into the thermal generator Gy to generate (estimate) its thermographic inspection image
and try to trick the infrared discriminator Dr. Then the generated thermal image is translated back to the profile

binary image by Gp. The overall loss function can be expressed by Eq. (2).
Loverall = Ladul + Ladvz + /1['cyc + B[’ide (2)

where L4431, Laavz denote the two GANSs loss functions respectively. We believe that the cycle consistency
loss L.y and the identity loss L;q, is important for this network. The former controls the overall cycle
generative transferability, which means that the results after the cycle should be close to the actual original
input. L, 4, is the essential identity loss reducing the degree of variation if the data class of the input is similar
to the desired output, which, to a certain extent, constrains the transferability of each generator. In this
thermographic inspection, the accuracy of generative data has the top priority, and the translation between
thermal and binary images is not as complex as other image style transfers. Therefore, £; 4, is important in this
self-enhancement method. The loss type selection is discussed in Section V. L.y, and L;4, can be expressed

by Egs. (3) and (4).

Leye(G,F) = [EX~paaca(X)[|| F(G(x)) -X "norm] + Ey~paam(y)[" G(F(y)) -y "norm] 3)
Lide(G» F) = 1Ex~;odata(x)[” G(.V) =Yy ”norm] + IE:y~zod(m1(y)[” F(x) -X ”norm] (4)

In the detailed structure, Figure 3 and Figure 4 illustrates the two key network components of heat generator

Gy and thermal discriminator Dy in the half cyclc-GAN (right part of Figure 2), respectively. The profile



generator Gpand characterisation discriminator D can be recognised as an inverse replica of Gy and Dr. The
heat generator is composed of image convolution, normalisation, activation layer and concatenate blocks to
translate out the thermal pattern of the defect sample. The thermal discriminator is composed of convolution,
normalisation and a Leaky Rectified Linear Unit to determine the quality of the generation. In Figure 3 and
Figure 4 the white blocks represent the 2D convolution layer, and the orange ones represent the normalisation
layer. The activation in Figure 3 is ReLU (described as green blocks). The leakyReLU is applied for the
discriminator in Figure4. Each generator is composed of encoder for input feature extraction, transformer
(contains 9 residual blocks) for style translating, and decoder (contains 2 deconvolution blocks) for restoring

back to original dimension.
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Figure. 4. Structure of the thermal discriminator in half cycle GAN

2.3. Network self-enhancement

Self-enhancement is one of the top features of using generative results for data augmentation. The CT-
GAN mainly focuses on thermography image generation for dataset augmentation from random defect profiles.
It improves the diversity of defect profile samples and highly accelerates the data augmentation speed
compared to the FEM simulation. As shown in Figure 2, the augmented dataset is fed back to the network to

iteratively enhance the learning capability.

Considering the risk of dataset contamination and degradation from random defect samples, this study
proposes to use Peak Signal to Noise Ratio (PSNR) (shown as Eq. (5)) and Structural Similarity Index Metric
(SSIN) (shown as Eq. (6)) as criteria to analyse the quality of generated augmenting data. The feedback
augmenting samples are requested to be detected by the network to have a good enough (judged by PSNR and
SSIM) result of the inspected (generated) profile. Those samples that have both scores over specific thresholds
are qualified samples for feedback augmentation. Those samples that cannot be detected accurately by the

current network, are not included. It guarantees a gradually self-improving behaviour rather than an



unquestioning dataset increment. The PSNR and SSIM can be expressed as follow

PSNR = 20 x logso (Sst) (5)
1 m-1<n-1 5
MSE = — z X)) —Y(@,j
mn Ly j=0[ J @ 0]
SSIM(X, Y) — (ZHXHY+61)(20'XY+CZ) (6)

(U +ud+ci)(o3+08+cy)

where MSE is the mean squared error between two images. iy, iy is the mean of X and Y, respectively. oy,

oy, Oxy denote the variance of X and Y and covariance, respectively.

To evaluate the performance of the proposed network, two indexes are employed to quantitatively analyse
the results of generative thermal data and defect characterisation. The performance evaluation for defect profile
characterisation uses the Recall score which is a useful index for measuring image segmentation accuracy. The
Recall score is calculated by measuring the overlap between the predicted profile and ground truth. For the
generated thermal images, the Fréchet inception distance (FID) is utilised to assess the performance. FID is a
metric used to assess the quality of images created by generative models. It compares the distribution of
generated images with the distribution of real images, which analyses the generated data quality (e.g., the
similarity of generated images to real ones) in statistical multi-dimensional Gaussian distributions. It can be

written as

FID = |luy — pyll2 = Tr(ZX + XY — 25X3Y) ©

where X and Y are the real and generated images respectively assumed to be two multivariate normal
distributions. @y and py are the magnitudes of vector X and Y. Tr denotes the trace of the matrix, },X and }}Y

denote the covariance matrices of X and Y, respectively.
3. Dataset preparation and pre-processing

The dataset for this research is the synthetic dataset combined FEM simulation and experimental results of

a Pulsed Thermography (PT) inspection for flat-bottom hole defects in metal materials.

3.1. Defect modelling by FEM simulation
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Figure 5. Defect modelling for complex profile bottom hole.

The governing equation of the PT heat transfer can be written as Eq. (8), and its FEM governing form is

shown in Eq. (9).

k{3 {V}T = pcT = =QIr (®)
KT} + [€1{52) = (0®) ©

where T and {V} denote the temperature and gradient vector respectively, and - Q| is the excitation heat flux
applied on the surface. i, p and ¢ denote the heat conductivity, density, and specific heat of the material,

respectively.

To generate defects with a complex boundary, the polar coordinate defect profile parameterisation is
employed. By using a circumferential radiative defect parameterisation and Fourier series fitting defect profile
fitting strategy [35], planar arbitrary defect profiles can be represented and modified by changing the centre
point location and several Fourier series coefficients. The scheme of defect samples modelling is shown on the
left side of Figure 5. The FEM modelling defects are shown in the bottom-right corner of Figure 5. This
modelling strategy can quickly generate a diversity of complex defect profiles with a small number of defect

parameters, which supports the proposed FEM+GAN scheme with numerous various defect samples.

TABLEI
FEM SIMULATION SPECIFICATION
Item Parameters of simulation models
Specimen dimension Plate model: 80mm * 80mm * 6mm
Defect Flat-bottom hole defects, depth: 2mm to the inspection surface.
Thermal properties Carbon steel plate: p: 7.93 kg/m3; c¢: 500 J/(kg-K); k: 45 W/(m'K);
Pulse heating lerg/G=1emu —» 102 Am*=10"J/T

FEM modelling 320%320*12 hexahedral isotropic elements




The thermal inspection dataset includes synthetic simulation data of a plate structure with multiple flat-
bottom hole defects. This work aims to investigate the inspection defect profile reconstruction capability. To
minimise the mutual interference of multiple defects in one specimen, the defective specimen models are built
individually in the same plate model, and the parameters of the exciting source are fixed. The model used is
illustrated in Figure 5, where a complex profile flat-bottom hole with a 2 mm depth to the top surface is shown.
The thermodynamic material parameters for the thermography of simulation models and the PT simulation
specifications are listed in TABLE 1. The top graph of Figure 6 shows the thermal images at 0.4s after the
pulse which is at the optimal time range of the 1% derivative in the TSR method. The bottom graph illustrates

the ground truth of the selected 18 defects, where relatively simple and complex profiles are included.

0.4s thermal frame of simulation (18 of 48 samples)

98090 R0

o

Defect profile ground truth (18 of 48 samples)

- ¢ | =m |l

~ Y Yo X4 n«

Figure 6. Simulation defects dataset

3.2. Experimental PT inspection

The experiments were conducted using the Thermoscope II pulsed active thermography system which
comprises two capacitor banks powered by Xenon flash lamps, a synchronised control PC, and an infrared
camera. A FLIR SC7000 series infrared camera system operating between 3-5.1um and a spatial resolution of
640*512 pixels was used to perform the inspection. The sample was placed with the inspected surface
perpendicular to the camera's field of view at a distance of 250mm. A 6mm thick carbon steel specimen with
three flat bottom holes was inspected with PT. The sample was inspected from the black-painted surface
opposite the drilled surface. The defects were at a depth of 2mm from the inspection surface shown in Figure
7(a). The diameters of the holes are 30mm, 16mm and 8mm, respectively. A sampling rate of 50 Hz was used.
Considering the small portion of experimental data in the synthetic dataset, the experiment of the selected
sample (containing 3 defects) was repeated 5 times to provide more realistic data variation for network
learning. All 15 experimental data (5 inspection repetitions) are added to the dataset with a simulation-to-

experiment ratio of 48:15. Figure 7(b).
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Figure 7. Experimental specimen and PT thermal images. (a) Defect specimen and PT
experiment system; (b) Raw and pre-processed experimental data.

4. Results
4.1. Self-enhancement capability

To validate the self-enhancement capability, the simulation dataset, described in Section III.A, was used
for evaluating the characterisation and generation along 8 iterations of dataset augmentation. The dataset
containing 48 defect models is randomly distributed into a ratio of 39:9 for training and testing. The FID score
and Recall score were employed to quantify the quality of the thermal image generation and defect profile
characterisation. Between two iterations of training, instead of unquestioning data increment, the 9 testing
samples are first evaluated with PSNR and SSIM on inspected profile with the current network. Only the
generated images (both thermal and profile images) with PSNR over 27dB and SSIM over 0.96 are added to
the next round of training dataset. This screening process two thresholds ensure the augmented samples with

satisfied standard criteria, which guarantees a high-quality iterative augmentation.

Figure 8 presents the comparison between the generated results (thermal and profile image) and the ground
truth (GT). Figure 8(a) demonstrates that the network provides high-quality thermal images with high
consistency to the ground truth. Figure 8(b) shows that the reconstructed defect profiles overlapped with the

ground truth with high accuracy, where both shape and sharp corners and edges are well aligned.
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Figure 8. Comparison between ground truth and reconstructed results. (a) Ground Truth (GT) and
Reconstructed Thermal (RT) image; (b) Defect profiles overlap plot;

The FID and Recall scores of the iterations of network self-enhancement are presented in TABLE II. For
the FID score, the lower score indicates a closer generative thermography image to its corresponding ground
truth. The Recall score graphs measure the overlay ratio (e.g. range of [0, 1]) of the defect profile to its ground
truth. The trend of the FIDs suggests an improving network performance in the starting iterations, then a
degrading performance in the later iterations. Finally, it concludes with an optimal generative performance at
the 4" iteration with an FID of 54.2057. The 2™ column in TABLE II shows the Recalls counting graph of 9
testing defects in each iteration. All graphs demonstrate a high inspection capability of defect profile with all
defects with a Recall score over 0.92. It also shows an enhanced performance in generating binary profile
images, which has more defects inspected with higher Recall values over 0.95 at the 4™ iteration. Both scores
effectively demonstrate that the proposed network has a significant self-enhancement feature with an optimal
iteration step, which presents that the network has a convergent learning capability to balance the benefits of
data augmentation and the iteration degradation from network imperfection. It should be noted that the optimal

iteration step may vary on the inspection for different materials & depth types.



TABLE II
NETWORK SELF-ENHANCEMENT PERFORMANCE

Iterations FID of 9 test samples Recall counts
Mean of 9 defects: 0.94 + 0.03 JJf
Ist 82.25
Mean of 9 defects: 0.95 + 0.02 J§
2nd 78.75
Mean of 9 defects: 0.95 + 0.02 i
3rd 65.43
Mean of 9 defects: 0.95 + 0.02
th
(1;46 50 54.20
Mean of 9 defects: 0.95 + 0.02
5t 73.16
Mean of 9 defects: 0.94 + 0.02
6 67.16
Mean of 9 defects: 0.94 + 0.02 .
7t 73.21
Mean of 9 defects: 0.94 + 0.03
gt 86.49

The 4™ iteration has most defects
characterised with the Recall score of
over 0.95.

Summary

Optimal FID means best
thermal generation quality

4.2. Experimental defect profile characterisation
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Figure 9. Comparison result using synthetic dataset. (a) Ground Truth (GT) and Reconstructed Thermal (RT) image;
(b) Defect profiles overlap plot;

In this section, the proposed network results using a synthetic dataset (a combination of simulation &
experimental data) are discussed. The ratio of training and testing data was set at 4:1, which means 50 and
13 images in the training and testing set, respectively. Additionally, the thermal image containing all 3

defects presented in Figure 5 was also used in the testing set.

Figure 9 shows the comparison between the network results and the ground truth (3 simulation defects and
3 experimental defects). Figure 9(a) shows that the network can also provide high-quality thermal images for
defects using a synthetic dataset. It not only manifests promising defect thermal similarity but also generates
some thermal experimental noise patterns around defects. In Figure 9(b), the defect profiles are correctly
reconstructed, evidenced by the Recall scores of over 0.93. Furtherly, even though the training dataset only
contains samples of a single defect, it still shows the powerful defect reconstruction capability in the image
containing all 3 defects with a Recall score of 0.84. Only a small misalignment in the interference area between
two defects is observed. All these results demonstrate the feasibility of the proposed method. It also
demonstrates that the network learned the complexity from the simulation data and the realistic noise level

from experimental data.

It should be noted that the proposed method shows a higher accurate capability in defect profile
reconstruction than thermal image generation. In the thermal image shown in Figure 9(a), there is a slight
thermal pattern distortion in shape and kurtosis. And there is a failed reconstruction for the smallest defect
in the 3-defect image. There are two main reasons for the missed thermal generation. First, with three defects

in one image, the big defects compress the thermal contrast of the minor defect, making it hard to be learned



by the model. Second, this is a typical issue of small object learning challenge for neural network when the
model deals with multiple targets in an image. The network loses the small target information through a
large number of convolution layers, especially for this ascending dimension-like problem (from binary
profile image to complex thermal kurtosis image generation). Both reasons joint result in the missed
generation issue. In further work, the object is to quantitively investigate the network layers to improve its
attention to small target generation and clarify the contrast changing influence, respectively. It is also
considered that a super-resolution algorithm will be deployed before the network to enhance the spatial
representation of the small defects. In addition, there is only one type of experimental defect (round shape
defect) in the current dataset. It is believed that this will be much improved when more variations of

experimental defects are included in the initial training dataset.

5. Discussion

5.1. NetworKk loss structure

TABLEIII
IDENTITY LOSS NECESSITY COMPARISON

Item Loss type Loss type
(Only *Cr:yr:r no Lide ) (Lr:yr:x Lide)
Mean FID 146.98 103.07
Mean Recall 0.87+0.05 0.94+0.03
GT Rec . .. GT Rec__ .
Sample 1 Sample 1
GT Rec GT Rec
wee @M@ H R
inspection : :
Sample 2 Sample 2
GT Rec GT Rec ...
Sample 3 Sample 3
GT : Rec :
Sample 1 Sample 1
GT Rec
Thermal image O O o
generation

Sample 2 Sample 2

Sample 3 Sample 3

In this section, the network performance comparison between different loss functions is discussed. Shown



in Eq. (2), the loss function includes 4 parts where the consistency loss L, and identification loss L;4, are
the two keys controlling overall generative performance. Compared to original cycle-GAN, it is evident that
the existence of the identity loss L;;, is necessary to guarantee thermographic data generation (see the
comparison in TABLE III). The case without identity loss £;4, has a higher FID and lower recall, indicating
a low quality of dual-type image generation. It results in rough defect profile reconstruction (all 3 defect
samples reconstructed in row 3, and degraded contour and shape distortion in the generated thermal image (all
3 thermal images reconstructed in row 4. In comparison, the case with both consistency loss L., and
identification loss £;;, exhibits better performance on both complex profile reconstruction (especially in the

sharp edges and corners) and fidelity of the generated thermal image.

Furtherly, we compared the performance of different loss types between the options of norm L; as
absolute difference, norm L, as squared difference and norm smooth L, (SL1) as a combination of L; and
L,. The FID and Recall scores (average of all testing samples) and the imagery comparison (thermal and profile
of one test sample) from the 1% round training network (not self-enhanced yet) are shown in TABEL IV. For
a self-enhancement network, it is critical to design a better loss function for the 1* round of training, otherwise,

the self- enhancement process will degrade with a dramatically rough learning network while iterating.

TABLE IV
COMPARISON OF DIFFERENT LOSS STRUCTURE
Loss type
(Lo Liae) Ly, L, Ly, SLy SLy, L, SLy,SL, Ly Ly Ly L, L, SLy
Mean FID 108.56 103.78 104.94 108.13 144.09 147.77 153.36
11;/::2[111 0.95+0.02  0.94+0.02  0.93+0.03  0.88+0.09  0.86+0.09  0.89+0.10  0.91+0.08

~ MMMMMNM

Defect GT

The results show a clear performance variance with different loss calculation methods. It is recommended

that the combination of norm L; and SL; (bold marked in TABEL IV) energise the network with a higher
learning ability to generate high-quality thermal and defect profile images. The lowest average FIDs and
relatively high Recall suggest the optimal loss selection for this dual generative network. In contrast, the loss
function using norm L, brings an obvious performance drop to the network (shown in the last 3 selections).
The generated thermal image has a severe distortion and the inspected defect profile images show a bigger
deviation in the Recall scores. This analysis demonstrates that the norm types of loss (L, or SL;) can not only
alleviate the learnt signal noise but also constrain the generative variations of the network, especially for
thermal images in this thermography NDT application. The constraint of the GAN variation or diversifying

capability is important to this method for NDT because this method values generation accuracy more than



diversity. It has a high impact on defect characterisation and its self-enhancement performance. In addition,
the imagery (thermal or defect profile) in this application is single-style imagery compared to other imagery

applications, so it has lower requirements of generative diversity.
5.2. Scalability of the proposed method

In this section, a scalability investigation of the proposed method for different materials and defect types
is discussed. Several composite laminate samples with impact damage are inspected using the proposed method.
In composite samples, the impact damage consists of delamination, cracks, fibre fracture, etc. At this stage,
this attempt aims to verify its reconstruction of the delamination defect. The CFRP samples are 150 x 100 x 3
mm plate specimens, which are damaged by a hemispherical indenter weighing 2.281 kg, performing free drop
under acceleration of gravity Error! Reference source not found.. The impact damage of CFRP specimens
was induced with 10J drop energy. The synthetic dataset was established by both pulsed thermography
experiments and FEM simulation [36] on impacted CFRP samples. The quantity of simulation and
experimental samples are 30 (training) and 10 (7 training + 3 testing). It should be noted that the simulation
samples are modelled with only 1 delamination in each specimen, but experimental impact damage would have
not only one delamination. It is a good case to challenge the recognition and reconstruction capability of the

network when defect quantity and distribution are unknown.

Figure 10. Network results of impact delamination in CFRP.

The results of 3 CFRP impact damage samples are shown in Figure 10. The thermal image generation
effectively reflects the thermal pattern at the fully delaminated location shown in the 2™ column in Figure 10.

The generated thermal images well present the quantity, distribution and shape of the delamination compared



to the ground truth. Even though there is still imperfection of thermal reconstruction in corners and edges, this

still demonstrates its capability of thermal data augmentation that can support NDT demands.

The inspected results also reconstructed a fully delaminated defect profile, shown in the 3™ column in
Figure 10. This is compared with delamination results processed by a method of Stationary Wavelet Transform
Dissection (SWTD) and confidence map [36]. The results present that the proposed technique can achieve
close performance with state-of-the-art post-processing methods. It demonstrates that the proposed method has
extensibility to other materials with similar defect shapes, even though the current network is not trained by
an ideal synthetic dataset, which contains simulated flat-bottom holes and experiments CFRP inspection results.
It is confident that this method can be used for CFRP impact damage characterisation when the simulation and
experimental are used. It presents a promising vision to extend the proposed method to other scenarios both

for inspection and data augmentation with adequate realistic data.

Defect reconstruction based on the inversion strategy is another effective approach contributing the
quantitative characterisation of internal structures and interfacial delamination defects [37-38]. The distinct
advantages of inversion methods are: first, a big amount of inspection data and defect sample diversity are not
needed. In an alternative view, the relationship between defect and inspection signal is already built in the
forward problem modelling. Second, within the pre-set constraints of inspection modelling, the inversion
methods seek the “true” defect in a process under clearer searching and divergence directions. Differently, by
learning the uncertainties from sufficient inspection signals, the neural learning networks have stronger
stability and resistance to noise, specimen and environmental deviation. Once trained, the network models will

quickly output the reconstructed decision, which are more applicable in the on-site inspection.

As the two sides of a coin, the disadvantages of two methods are obvious. For instance, in an inversion
strategy, an accurate forward modelling method for complex structures and defects is difficult to build and
hard to be flexible to similar inspection structures. In neural network methods, a large amount of data with
enough defect diversity is costly in time and budget to collect. There is no there is no superiority or inferiority

between the two types of methods, and it should be wisely selected in different applications.

6. Conclusion

In this paper, a new DL-based technique for thermography NDT defect characterisation with self-
enhancement capability is proposed to address two challenges simultaneously: the shortage of representative
experimental samples in real applications, and the inaccurate and distortion of complex defect profile
characterisation in thermographic NDT. Aiming at these two challenges, it is designed based on Cycle-GAN
that can achieve dual-direction generations for both thermal inspection image augmentation and defect profile
reconstruction. By using a synthetic dataset of both simulation and experimental samples, the network not only

can train its learning of complex defect profile diversity from numerical simulation thermography data, but



also can learn the realism uncertainties of noise level and real thermal pattern from the experimental data.
More importantly, it can continuously self-enhance by iteratively using its generated thermal image to augment

the dataset until it reaches an optimal dual generative capability for defect characterisation.

The FID and Recall scores demonstrate that the network performance has optimal self-enhancement
convergency that balances the benefits from data augmentation and iteration degradation from network
imperfection. In addition, the results of the synthetic dataset demonstrate the feasibility of the proposed
network with high-quality thermography augmentation and accurate defect profile characterisation with a
Recall score of over 0.92. In the network structure, comparison results prove that the cycle consistency loss
and identity loss are both important to constrain the GAN transfer capability, ensuring the characterisation
accuracy of defect profile and thermal image fidelity. A performance comparison between different loss
function selections was implemented. It indicates the SL; and L, norm loss set is optimal for this complex
profile characterisation scenario. Finally, the scalability discussion of the proposed technique on the
delamination defect in impacted CFRP specimens manifests a promising vision for the inspection of different
materials and defect types. The proposed method will facilitate the thermal imagery-based NDT inspection for
different materials and damages. It forwards a solid step on the applicability of Al for NDT and reveals a bright
perspective of FEM+GANSs in NDT. For further work, considering that the deviation of composite layers and
fibre directions affect the reconstruction accuracy. Different types of composites will be counted in training
and quantitatively consider the structure deviation as a weight parameter in the network model. In the future,
the influence of thermal images at different time windows on network performance will be studied to optimise

its versatility.

The proposed technique will facilitate the thermal imagery-based NDT defect reconstruction for different
materials and damages. It forwards a solid step on the applicability of ML for NDT and reveals a bright
perspective of FEM+GANSs in NDT. It pushes the Cycle-GAN to the accurate application of NDT image
quantification rather than the image-style translation. In future, the influence of thermal images at different
time windows on network performance will be studied. And the extension work on the composite material

with compound damages will be investigated using the proposed method. s
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