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Abstract

Within industrial applications, the number of available images with cracks is low. This is a limiting factor when
developing thermography-based inspection systems that use Deep Learning (DL)-based models for crack detection.
Another relevant point is that the annotation of images is time consuming and subjected to variability. Relative to the first
limiting factor, generative Atrtificial Intelligence (Al) can fill this gap. In this paper a method for automatic detection of small
cracks in induction thermography that makes use of Generative Adversarial Networks (GANs) for synthetic image
generation for model training is introduced. GANs are trained with images of Varestraint Test and Finite Elements Method
(FEM) simulations. Concerning annotation of images, a fast and robust annotation method is defined. This work shows
that the use of synthetic data is suitable for training DL models.

1. Introduction

Induction thermography is an especially useful inspection method for the detection of surface defects comparing
to other NDT techniques, such as magnetic particle inspection [1], as it has very low impact on the inspected material, and
it is a process that can be automatized [2], [3]. In this kind of inspections, the work samples are heated, and the heating
process is captured using an infrared camera. The recorded thermographic measurements undergo various image
processing techniques, which can enhance the visibility of defects within the samples. These techniques are selected
based on the specific characteristics of the sample and the types of defects that may appear in them. Then, the enhanced
thermal images are examined to detect the presence of defects.

In order to automatize an induction thermography-based inspection system one of the primary aspects to
automatize is the defect detection task. In this field, some of the previous work shows there are several approaches making
use of Convolutional Neural Networks (CNN) [4][5], such as classification, object detection or semantic segmentation [6].
One of the challenges when using this kind of neural networks is usually the need of datasets with numerous samples to
train, since normally in industrial settings the number of defective samples is low. Introducing synthetic data to the set of
real samples can be an option to overcome this problem [7].

For this paper, different welding samples were selected, which were produced using Varestraint Test Machine [8].
This machine applies a certain strain by bending the sample during the welding process, causing small cracks to appear
(in the order of the millimetre or smaller). The Varestraint samples were measured using induction thermography and then
processed by applying Fast Fourier Transform (FFT) with the purpose of obtaining the phase image. In this kind of image,
the small cracks present in the samples display a specific pattern, called “butterfly pattern”, which is especially helpful for

the posterior automatic defect detection.
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Figure 1. a) Varestraint test scheme, b) sample example, c¢) inspection window, d) phase image.

Apart from this experimental material, for the purpose of generating synthetic data to train automatic detection
models, there were also employed some phase images from FEM simulations. The idea of using these images is to prove
the possibility of generating synthetic images sufficiently close to the real images so as not to have to rely exclusively on
the availability of samples with real cracks to train robust automatic defect detection models.
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With all this, in this study it is introduced an approach for the training of Deep Learning based automatic defect
detection models for industrial inspection systems based on induction thermography, putting the focus on the detection of
the pattern that small cracks define in the phase images. This approach involves image annotation, synthetic data
generation making use of Generative Adversarial Networks (GAN), namely pix2pix [9], dataset generation and training of
CNN.

This paper is divided as follows. The first section describes the datasets. First, the datasets created from
Varestraint Test-based images and FEM-based images are described. Then, this section is divided into two sub-sections.
In the first subsection, a new annotation method to speed up annotation process and reduce annotation variability is
introduced. In the second subsection, synthetic image generation is described. This paper presents a procedure to make
easier the training of automatic defect detection models for when the available defective data is reduced, while obtaining
acceptable detection results. The second section describes the detection models used. In this section, first the models are
described and second, the evaluation method used is introduced. Finally, results obtained are described as discussed.

2. Datasets

In order to analyze if synthetic images are suitable for DL-based model training for butterfly-like pattern detection,
different types of datasets were created. Two reference datasets have been used. The first one, a dataset that consists of
phase images obtained from FFT transformed thermography recordings of samples obtained from Varestraint Test (see
Figure 1.d). And the second one, a dataset composed of 72 phase images obtained via FEM simulations (see Figure 2)
[4]. FEM images have been obtained by using the multi-physics simulation package ANSYS15. The model is calculated in
a coupled way. First, in the electromagnetic part, the induced eddy currents are computed. Then, based on these induced
eddy currents, the Joule heating is determined. In the second step, the thermal process and heat diffusion during and after
the heating pulse is simulated. The calculated temporal change of the surface temperature is evaluated to a phase image
by Fourier transform. This is done in the same way as for the measured data. Several parameters have been varied in
FEM simulations, i.e. defect length, defect depth, orientation, inclination angle and shape of the cracks.
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Figure 2. Input 72 simulated cracks.

Varestraint Test-based dataset consists of approximately 200 images. This dataset has been divided into two
sub-datasets. One of these sub-datasets is used as reference dataset, with real phase images, for benchmarking of trained
models, as well as for DL-based model training. In this respect, this dataset is divided into train, validation and test. First
two are used to train DL-based models for crack detection based only on real phase images. Results of models trained
with this dataset will represent the reference to which other models trained with alternative dataset will be compared to.
The remaining sub-dataset is used to train pix2pix model. And hence, to create synthetic realistic phase images.

FEM-based images that consisted of 72 images are augmented to 1000 using data augmentation, i.e. rotation,
shear, translation etc. Obtained images are then combined at random to obtain images with more than one crack (see
Figure 3). These images are used to create a dataset for pix2pix model training to generate synthetic images. Synthetic
image creation for Varestraint Test-based images and FEM-based images is described in a following section.

Data augmentatation
(rotation, shear, translation)
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Figure 3. Process to create combined images from FEM simulation images.

FEM images of cracks Combine crack images

Varestraint Test-based and synthetic images obtained from Varestraint Test and FEM-based images has been
combined as indicated in Table 1. In total 10 datasets were created. In this table, V is used to denote Varestraint Test and
F to denote FEM. Additionally, s is used to refer synthetic images. This way, V100 dataset is composed of 100 samples
from Varestraint Test, sSF100 dataset consists of 100 images obtained via pix2pix trained with combined FEM images, and
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V200-sF100 contains images from dataset V200 and sF100. All models trained using these datasets were tested in
Varestraint Test-based images, images not included neither in V100 nor V200.

DATASET
NAME

SYNTHETIC FROM |SYNTHETIC FROM

VARESTRAINT| | ARESTRAINT FEM
V100 -
V200 - -
sF100 - 100 -
sF200 - 200 -
sV100 - - 100
sV200 - - 200
V200-sF100 200 100 -
V200-sF200 200 200 -
V200-5V100 200 - 100
V200-sV200 200 - 200

Table 1. Types of datasets defined.

2.1. Annotation

Annotation of the images shown in Figure 1 and Figure 2 could be carried out by determining the whole perimeter
of each of the blobs — two black and two white blobs per butterfly pattern — or the whole perimeter of each crack. This
annotation method is useful for segmentation model training. One of its drawbacks is that it is time consuming and that it
has an inherent variability due to the difficulty to differentiate the boundary between black regions and background or white
regions and background. Although this annotation could be automated for FEM images, it could continue to be complex
for real phase images.

It has to be considered that for many industrial applications, the detection of crack is itself sufficient and hence,
the detection of the whole perimeter of the butterfly pattern is not required. Furthermore, in cases where the size of the
crack needs to be determined, an approximate value of its size can be enough. Thus, simpler annotation methods could
be better. In this work, butterfly patterns have been annotated as follows (see Figure 4): one point for the center of the
crack and one point for each of the centers of the blobs of the crack (two black and two white). The center of the crack can
be used to train detection models for Hit/Miss type of detection. While the centers of blobs can be used to train models
directed to identify approximately the size of the detected crack. This annotation method is faster, and it has more reduced
variability than segmentation-based ones. This comparison it is not included in this work.

Varestraint Test-based images and FEM-based images were annotated using this method in COCO Annotator
tool [10]. Annotated data was then used to create synthetic images with their associated Ground Truth (GT).

Flgure 4 Examples of the alternative annotation method used.

2.2. Generation of synthetic images

The generative model chosen to create synthetic data was pix2pix. This is model is a conditional GAN (cGAN)
[11] as its basis. This means that the generation of data is conditioned by some additional data. In this case the data
provided to train pix2pix, apart from the images created in the previous step, are the labels of those images in the form of
a binary mask. Thus, the model learns to recreate more precisely the relevant information of the input image. After training,
the model can generate the synthetic data from a label. Hence, each generated synthetic image has its corresponding GT
or annotation. This reduces the time required for synthetic image annotation, i.e. a visual inspection for GT correction is
generally enough.

To train the GAN there were 2 starting points: the images from FEM simulation models and the images from
Varestraint test samples. In the case of the first ones, images obtained by combining FEM images were used to ensure a
higher variability in the set of images to feed the pix2pix (see previous section). In the case of the second ones, no additional
pre-processing was carried out.
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After pre-processing of images, both types of images (combined images of simulated FEM cracks and real crack
images) were used following the same procedure (see Figure 5). First, due to the need of annotated masks within the
input of pix2pix, binary masks were created from annotated points. Note that since the center of each crack, as well as the
centers of their blogs were annotated, different types of masks could be created from annotations. For instance, circles
with predefined radius in pixels or ellipses with the sizes of both edges proportional to the distance between the centers of
black and white blobs. In this second case, the ellipses define not only the position of the crack, but also the size and
orientation. Once GT masks were obtained, pix2pix was trained for each kind of input images (Varestraint Test and FEM
images), resulting in 2 generative models capable of generating synthetic data from labels (see Figure 5.b). Synthetic
images and their associated GT masks for FEM and Varestraint Test images are shown in see Figure 5.c and d
respectively.

As a final step, generated synthetic images are visually inspected to check that the GT mask of each synthetic
image represents its annotation properly.
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Figure 5. Steps of pix2pix model training (a) and generation of synthetic images from trained pix2pix models (b).
3. Detection models

As indicated before, from annotated images, cracks can be represented in different ways, for example, as points,
as circles with fixed size, and as ellipsis with edges proportional to the distance between the centers of black and white
blobs. As a first approximation points and circles were considered for crack representation and DL-based object detection
and segmentation models were trained. The size of input images used was of 256 x 256.
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Figure 6. a) architecture of YOLOv3 and YOLOv3-tiny networks and b) type of input, cracks are considered as points.

For object detection YOLO [12] was used, as its architecture is designed to perform real-time object detection,
making it suitable for quick detection. In this case the used versions were YOLOvV3 [13] and YOLOvV3-tiny [14]. This object
detection models aims at detecting the object as a box. In this case, annotations were considered as points. In order to
make YOLO models suitable to detect objects as points, few modifications were made on the last layers and the loss of



17™ Quantitative InfraRed Thermography Conference, 1 — 5 July 2024, Zagreb, Croatia

these models. For instance, the number of values to predict was reduced from 5 (X, y, w, h, score) to 3 (x, y, score) and
the loss was modified accordingly. These networks have Darknet-53 and Darknet-tiny as the backbone network. Due to
the low number of images in each dataset, the training was carried out by using pretrained models, in where the weights
of Darknet were fixed as not trainable and only the weights of the layers of the head of the net were trained. The architecture
of YOLOv3 and YOLOv3-tiny is shown in Figure 6 and the number of trainable, non-trainable and total number of
parameters are shown in Table 2.

Number of parameters
Non-trainable

yolov3-tiny 5,104,664 6,312,816 11,417,480
yolov3 5,405,220 40,637,536 46,042,756
VGG19e. - UNet[n=8]enc 1,481,889 20,025,344 21,507,233
VGG194e. - UNet[n=32].,c 11,143,809 20,028,224 31,172,033
Table 2. Number of parameters for each of the trained models.

For the segmentation task U-Net [15] was considered, as it is a neural network designed specifically for that. It
has an encoder-decoder structure with skip connections, meaning that in the decoder part it combines upsampled features
with corresponding high-resolution features from the encoder. In this case, annotations were transformed to binary masks
by replace its annotated point by a circle of fixed size (radius of 5 pixels in size) centered on each point. Comparing to
object detection models, segmentation models need less input data to train robust models, while giving a more precise
detection. For this study, U-Net was trained with a VGG19 network in the encoder part [16]. In the following, this model will
be referred as VGG19enc-UNetdec. The architecture of the model is shown in Figure 7. Similarly to YOLO models, this
model is trained by using a VGG19 model pretrained in Imagenet, fixing the encoder weights and set as trainable only the
decoder part of VGG19enc-UNetdec. Additionally, two encoder sizes were considered being the number of filters of its layers
the following ones: [128, 64, 32, 16, 8] for an small architecture and [512, 256, 128, 64, 32] for a large architecture. The
small architecture will be referred in the following as VGG19enc-UNet[n=8]dec and the large architecture ad VGG19enc-
UNet[n=32]d¢ec. The number of trainable, non-trainable and the total number of parameters is indicated in Table 2.

a) VGG19[enc] UNet [dec] ﬁc 1 b) Wi
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Fo /4 Conv + Relu . ba.cn L]
[’ Deconv

Figure 7. a) architecture of U-Net network and b) type of mask used to represent annotations.

3.1. Data-augmentation: noise

As mentioned before, some of the detection models are trained using uniquely synthetic images, and these
images do not have the same background as the images of real samples (see Figure 8.a). This can result in a model that
is not capable to distinguish the cracks from the background noise. Therefore, in addition to usual data-augmentation
options (shear, crop, saturation-contrast-hue changes, flips, rotations etc), the option of adding Perlin, fractal (which is a
variation of Perlin) [17] and Gabor noise [18] as were added to data-augmentation during model training. The type of added
noise for different degrees are shown in Figure 8.b. Some patches of the background noise from real images are shown
in this image to compare them with added noises. Perlin noise is a type of gradient noise and one of its uses is to create
image texture. In this case it was used to add random noise to the background of the synthetic images during training.
Fractal noise is similar to Perline noise, and it is also denoted as type of Brownian noise. Finally, Gabor noise is defined
as the convolution of a Poisson point distribution with the real part of a Gabor kernel.
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Figure 8. a) real sample |mages b) noises applled as data augmentation to recreate the real background, c) U-Net
detection without applying noise data augmentation, d) U-Net detection after applying noise data augmentation

As an example of the effect of adding noise within data augmention, results for a VGG19enc-UNetdec model are
shown in Figure 8. When models were trained without adding noise within data augmentatation, many False Positives
(FP) were detected (see Figure 8.c). In contrary, these FP were considerable reduced in the predictions of models trained
adding indicated noise within data augmentation (see Figure 8.d).

3.2. Model evaluation

In order to make the results of both models comparable, the same evaluation method was used. For instance, a
detection is considered to be a True Positive (TP) if the predicted point is at a distance lower than a predefined threshold
from the annotated point. The threshold was set to 20 pixels. In the case of YOLO models, the evaluation is straightforward
since its output correspond to the coordinates of the predicted points. In the case of VGG19enc-UNetdec, the output was
post-processed to transform the binary mask to a list of points. This is carried out by applying connected components to
the output mask, keeping those predictions with more than 10 pixels and by determining their center of mass that will be
the predicted points.

Both YOLO and U-Net were trained with the datasets described in Table x, and even if some of the training
datasets only contain synthetic images, all the models were evaluated using the same images from real samples. In the
case of U-Net the evaluation method was changed to do it the same way as YOLO, so this way the obtained results are
easily comparable.

4. Probability of detection

The probability of detection (POD) is a statistical method to study the detectability and reliability of an inspection
system, usually applied to NDT techniques [19]. There exist two kinds of POD analysis: hit/miss and a vs. a. The first one
evaluates detection performance analyzing whether a defect has been detected or not, and the second one, compares the
POD as function of a signal (&) versus a threshold (a) to assess the effectiveness of the detection system. In this case a
hit/miss analysis has been carried out, with which it has been measured the reliability and accuracy of the detection with
each trained model, obtaining the minimum length that can be detected confidently. The detectability parameters usually
taken are 90% POD and 95% confidence interval, being aso and asoses the cracks size related to each one. The latter refers
to a statistical tool about the data distribution. There are 139 cracks present in the set used to perform POD analysis, in a
size range between 0.17mm and 3.15mm with the distribution shown in Figure 1Figure 9.

Frequency

0.5 1.0 1.5 2.0 2.5 3.0
Crack size (mm)

Figure 9. Distribution of the cracks by length



17" Quantitative InfraRed Thermography Conference, 1 — 5 July 2024, Zagreb, Croatia

Very briefly, the steps followed for the POD analysis have been:

Detection of all cracks using liquid penetrant testing (PT) as NDT of reference

Inspector A marks all visible cracks in the phase images

Training of the algorithms using real and synthetic images

Manual marking of the hit/miss for the automatic detection of each model with respect to the PT reference
Calculation of POD curves and parameters [20], [21]

oD =

This way, it is possible to evaluate not only the detection accuracy obtained after training the automatic detection
models, but also the reliability of thermography as non-destructive inspection system.

5. Results

In order to evaluate the feasibility of the models trained using synthetic data, in the following lines the results
obtained from each trained model are shown. A comparative analysis has been carried out based on the Average Precision
(AP)[22] of the performance of the trained models. AP is a metric that evaluates the accuracy of a model by combining
precision and recall into a single metric. The accuracy results obtained for each kind of dataset described in the previous
section are summarized in Figure 10, specifying the result each kind of model has given.

Observe that in almost every dataset the model with better performance is YOLOv3. Furthermore, even though
when training using only synthetic datasets the results are lower than when training with datasets with real cracks
information, it is possible to manage an accuracy of 75%, and when adding these images to real images the performance
of the models increases around 3-4% comparing to the result of the models only trained with real data. Observe that the
results improve when adding more trainable parameters: results for YOLOV3 are a bit better than those of YOLOv3-tiny,
and, in general, results improve for of VGG19enc-UNet[n=32]dec compared to of VGG19enc-UNet[n=8]dec.
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Figure 10. AP results for each trained dataset, separated by type of detection model.

Besides these results, it has been evaluated the effect of adding noise as data augmentation in the training of the
datasets that only contain synthetic images generated from FEM simulation images. As it can be seen in Figure 11, in
almost all the studied cases the accuracy of the models increased by 15% or more when trained using the noises detailed
in section 3, irrespective of whether the network used is YOLO or U-Net. This difference is higher for of VGG19enc-UNetdec
models.
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Figure 11. AP results for each type of detection model trained only with synthetic images, with and without adding noise
as data augmentation.

After having obtained all the results from the models, a Hit/Miss analysis has been carried out by plotting the POD
curves, as a way of comparing the results obtained with YOLO and U-Net models for each trained dataset. The obtained
POD curves are shown in Figure 12. In each graph the POD curves with a close-up box showing the values of aso and
aogoes is shown. These values are also represented in the legend on the graphs to easy visualization of POD results.

The aim of carrying out POD analysis has been two-fold. First, to determine whether the use of synthetic images
for model training is feasible, i.e. obtained results are similar to those obtained with real phase images. Second, to analyze
the effect of the number of images used for model training in the reliability of the detected cracks. The results of the first
analysis are shown for U-Net in Figure 12.a, and for YOLO in Figure 12.b. Both are compared using the datasets
containing 200 images. The results of the second analysis, are shown for U-Net in Figure 12.c, and YOLO inFigure 12.d
models trained with datasets with 100 images and 200 images. In all of these cases the reference of the detection made
by the inspector (GT) is added since it is the reference to evaluate how good the automatic detection is.

The results in the graphs show that the minimum crack length detected reliably is around 0.94mm and 1.14mm in
the majority of the cases. The values are higher with YOLO models than with U-Net, except when training with the dataset
of 200 synthetic images generated from Varestraint test samples. Also, it is important to mention that in Figure 12.c, the
U-Net sV100 model does not meet the requirements to consider a correct POD analysis. This is because the number of
Misses we have is too high when we look for a POD > 0.9. Results show that the use of synthetic images generated from
FEM simulations are reliable for crack detection on phase images of inductive thermography.
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Figure 12. Comparison of POD curves of hit/miss analysis a) U-Net with all the datasets with 200 images, b)
YOLO with all the datasets with 200 images, c¢) U-Net with 100 and 200 training images, d) YOLO with 100 and 200
training images. The graph added in black box in each graph is a zoomed region of the POD graph and it is used to
indicate the aso and asoes values.

6. Conclusions

In this paper a method for defect detection based on DL algorithms for small cracks in induction thermography
inspection based on FEM images is shown. The objective of this study was twofold. First, simplify the annotation of the
images, reducing required time for annotation and reducing variability. Second, it is shown that the use of synthetic images
it is a good alternative for robust model training. Additionally, the addition of different types of noise in data augmentation
steps, when training models with this data, has showed to improve the results considerable.

So as for the defect detection models, the results of this study have proved that the usage of synthetic images
can be beneficial for this task, as it improves the accuracy in the majority of the tested cases. What is more, when training
DL-based detection models uniquely with synthetic data generated from FEM simulations it has showed that the detection
accuracy can reach up to 75%, making it promising for many applications. For example, in the early stages of the
automatization of an induction thermography-based inspection system, when there are hardly any defective samples.

When it refers to the hit/miss analysis, the detection models were evaluated not only by means of the accuracy
obtained, but also by analyzing the probability of detecting a crack according to its size, obtaining a minimum size of crack
that it is possible to detect reliably when using induction thermography and automatic defect detection models. In any case,
it is important to highlight that the value of the algorithm lies in the Hit/Miss ratio and the asoes value with respect to the
technology with which it has been trained, as this is the one the algorithm aims to replace. In this case, Inspector A, as it
is the reference used to train. That is, if 100 cracks have been detected using liquid penetrants and the algorithm detects
58, the algorithm’s capability is unclear until the accuracy obtained with Inspector A is known.
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