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Abstract: Pulsed thermography is a vital technique in the nondestructive evaluation field. However,
its data analysis can be complex and requires skilled experts. Advances in deep learning have
yielded exceptional results, including image segmentation. Therefore, many efforts have been made
to apply deep learning methods to data processing for nondestructive evaluation. Despite this,
there is currently no public pulsed thermographic dataset available for evaluating various spatial-
temporal deep methods for segmentation tasks. To address this issue, we present in this paper
the PVC-Infrared dataset for deep learning and evaluate the performance of commonly used deep
learning-based instance segmentation models on it. Additionally, the impact of the number of frames
and data transformations on model performance is examined. The findings indicate that appropriate
preprocessing techniques can efficiently decrease the data size while maintaining the performance of
deep learning models, thus speeding up the data processing process.
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1. Introduction

Pulsed thermography (PT) has been a popular non-destructive evaluation (NDE)
method in recent decades due to its speed and high accuracy. It is particularly suitable
for detecting near-surface defects in metal, carbon fiber reinforced polymers (CFRP), or
polyvinyl chloride (PVC) materials. As a result, it has been used in many areas, such as the
automotive and aerospace industries. In recent years, deep learning has seen significant
advancements in various image processing tasks, such as image classification [1–3], object
detection [4–6], image segmentation [7–9] and video understanding [10,11]. To evaluate the
performance of these deep learning based algorithms, publicly available datasets, such as
ImageNet [12], PASCAL [13], and COCO [14] for image classification; Cityscapes [15], and
ADE20K [16] for image segmentation, are commonly used. These datasets play a crucial
role in the development of algorithms. The availability of high-quality datasets in NDE
field is also essential to provide benchmarks for different deep learning methods. However,
collecting datasets in the NDE field poses several challenges:

1.1. imbalanced dataset

One of the challenges in using artificial intelligence (AI) in the NDE field is dealing
with imbalanced datasets [17]. In NDE, the majority of components being tested are free of
defects or damage, while only a small proportion of them are defective. If an AI model is
trained on such data without proper preprocessing, it may tend to consistently predict that
the components are sound. This can render the model ineffective.

1.2. limited data

PT data are more difficult to obtain than normal images. This is because PT experi-
ments typically require the use of an expensive infrared camera with an additional heat
source and must be performed by specialists in a dedicated laboratory. In addition, a
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computer-controlled trigger system is usually required. These factors make the PT data
more challenging to collect and scarce.

1.3. Labeling challenge

The labeling challenge is multi-faceted. On the one hand, it requires skilled expertise
to properly analyze PT data and accurately label it. The model aims to replicate this
knowledge. On the other hand, the validation of the absence/presence of defects is usually
challenging because, in the NDE field, most defects are hidden under the surface of the
object. Accurate validation can often be performed using either destructive testing or CT
scanning. The former method damages the object, and the latter is often costly.

In the field of NDE, although there are a number of methods for instance, segmentation
in defect detection [18–20]. However, the datasets used for these methods are often not
publicly available due to internal regulations. This paper aims to address this issue by
providing a well-designed yet relatively simple dataset that can be used to support future
research in evaluating AI algorithms. The dataset can be found at https://www.kaggle.
com/datasets/ziangwei/irtpvc. Additionally, we have tested several popular instance
segmentation methods with optimized hyperparameters. In summary, the contribution
of this work is threefold: 1. a carefully designed publicly available PT dataset for PVC
components containing defects of different sizes and depths. 2. Experiments with several
popular encoder-decoder based defect segmentation models on this dataset. 3. Investigation
of the efficiency improvement by using appropriate data transform methods and by using
fewer frames as models’ input.

2. Related work
2.1. Pulsed thermography technology

Pulsed thermography is an active thermography technique in which a heat source is
used to excite the object with a heat pulse. An infrared camera then records a video of the
object to measure the cooling process on the surface of the object, which can be described,
using a 1d formulation, by the following equation [21–23]:

y(z, t) = T0 +
Q

e
√

πt
exp(− z2

4αt
) (1)

e =
√

kρcp (2)

Where α represents the thermal diffusivity of the sample. k is the sample’s thermal
conductivity. cp is the heat capacity of the sample. e denotes the material’s thermal effusivity.
It describes the materials’ capability of exchanging thermal energy with their surroundings.
z is the depth. At the surface of the sample where z is zero, the equation can be simplified
to:

y(t) = T0 +
Q

e
√

πt
(3)

Since the sound region has homogeneous materials, its thermal diffusivity and conductivity
are similar. However, the material of the defective area has different parameters, resulting
in a distinct thermal behavior. This difference forms the theoretical basis for PT as a method
for non-destructive testing.

PT has been extensively applied to a variety of materials, such as CFRP [19] and glass
fiber reinforced materials [24]. In [25], different active thermography methods, including
pulsed thermography and lock-in thermography, are investigated for the inspection of
spot welds. The study also evaluates different heating methods and data post-processing
approaches to identify the optimal combination. Additionally, infrared thermography
has been used in the protection of cultural heritage; in [26], the authors employ infrared
thermography to inspect panel painting samples for incipient defects.

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 January 2023                   doi:10.20944/preprints202301.0483.v1

https://www.kaggle.com/datasets/ziangwei/irtpvc
https://www.kaggle.com/datasets/ziangwei/irtpvc
https://doi.org/10.20944/preprints202301.0483.v1


3 of 13

2.2. Deep learning-based methods used in thermography for NDE

The advancement of deep learning-based methods has led to improved results in data
classification and segmentation for PT data. In [20], Mask-RCNN has been applied to the
synthetic experimental pulsed thermographic dataset to detect abnormal regions. In [19],
authors have employed an U-Net model to segment the defect regions on curved CFRP
samples with a pulsed thermography technique. Faster-RCNN models with Inception
V2 and Inception Resnet V2 architectures are trained to identify defects within composite
materials using thermographic images in [27]. Average precision is used to assess the
models’ performance. The results show that the model with Inception V2 outperforms
the one with Inception Resnet V2. A hydrogen deep neural network that incorporates
temporal and spatial information on the infrared data to detect the defects in composite
and coating material is proposed in [28]. In [29], the authors use PT to detect the impact
damage within the composite samples. They employ a support vector machine to classify
the defective areas from the healthy area. They report the classification results ranging
from 78.7 % to 93.5 %. In [30], recurrent neural networks and feed-forward neural networks
are investigated to detect defects within some non-planar CFRP specimens. The results
indicate that a long short-term memory neural network outperforms a feed-forward neural
network when dealing with time-dependent information. A feed-forward neural network
to classify the defects into different categories is proposed [31]. Two models are trained on
raw data and Thermographic Signal Reconstruction (TSR) coefficients, respectively. The
model using TSR coefficients outperforms the other one using the raw data.

As the use of generative adversarial networks (GANs) has become increasingly popu-
lar, they have also been applied to processing thermographic data. A GAN-based thermal
image argumentation method is proposed to enhance the visibility of defects in CFRP
components in [32]. In [33], the authors introduce IRT-GAN, which is trained on six thermo-
graphic data. These data are fully simulated for composite materials with different types.
The model takes TSR coefficients as input and is able to produce segmented images.

2.3. Public available thermographic dataset

There are some publicly available infrared image or video datasets, such as PTB-TIR
[34] for pedestrian tracking and LLVIP [35] for low-light vision. However, most of them
are not for NDE tasks. In [36], the authors present a pulsed thermographic dataset. It
contains two kinds of composite material samples: carbon and glass fiber-reinforced plastic.
However, the dataset is not provided to the public and is not annotated for machine learning
applications. Thermography databases from Laval University are demonstrated in [37].
The databases include infrared measurements for materials such as composite materials,
plexiglass, steel, aluminum, etc. The focus of the study is on defect segmentation in single
infrared images. It does not consider temporal information between thermal frames. To
the best of our knowledge, a well-documented, publicly available PT dataset for defect
segmentation that considers both spatial and temporal information is yet to be developed.

3. Data preparation and preliminaries
3.1. Specimens’ information and data acquisition

In this work, We present the PVC-Infrared dataset for deep learning, which is a PT
dataset that consists of 19 PT measurements for 19 PVC specimens respectively. Each
specimen has a dimension of 100 mm × 100 mm × 5 mm. On the bottom side of the
specimens, cylindrical holes (without going through the specimen) of different sizes and
depths were created to simulate subsurface defects, as shown in Figure 1. This figure
illustrates all possible locations, sizes, and depths of the cylindrical holes that could exist.
The diameter of the holes ranges from 2 mm to 10 mm, and the depth varies from 2.5 mm to
4.5 mm from the bottom side. Figure 2 shows CAD images of eight specimens from bottom
view. Figure 3 presents a comparison of the visualization of a CAD image and an optical
image of a specimen.
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Figure 4 shows the experimental setup. The camera and lamps are controlled by a
computer via a control unit for synchronization. A trigger signal is at first sent to the
infrared camera to start recording. The overall recording time can be pre-defined. After
a specific time interval, the lamps are triggered to flash. The infrared camera used in this
experiment is FLIR SC5000. Two lamps from Broncolor, each with a power of 6.4 KJ, are
used as heat sources to warm up the specimen. The camera records the infrared video with
an image resolution of 320 × 256 for 181 seconds at a frequency of 10 Hz, resulting in a 320
× 256 × 1810 video per measurement.

Figure 1. An example of specimens with defects in all possible sizes in all possible locations. The
right part of the image shows all the possible depths of the defects, ranging from 2.5 mm to 4.5 mm
from the right surface (bottom).

Figure 2. Visualization of eight specimens from the bottom side.

3.2. Pulsed phase thermography

Pulsed phased thermography (PPT) is proposed in [38,39]. With this method, the
phase of the thermal image sequence is calculated using a discrete Fourier transform (DFT).
The formula for the transform is:

yk =
1
N

N−1

∑
n=0

xne−
i2πkn

N = Rek + iImk (4)
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Figure 3. Images for a specimen, left image is the CAD visualization, right image is an optical image
for it.

PC

Control Unit

IR Camera

Lamp

Specimen 

Figure 4. Setup of the PT experiment.

Where xn is a pixel value at image frame n. Rek and Imk denote the real part and imaginary
part of the Fourier transform. The phase Φk and amplitude Ak of DFT can be calculated
with:

Φk = atan(
Imk
Rek

) (5)

Ak =
√

Re2
k + Im2

k (6)

We focused on the phase images of DFT results, as it shows better contrast of the abnormal
regions. Often the first 5 to 10 phase images will provide adequate representations of the
raw infrared data.

3.3. Principal component thermography

Principal component thermography (PCT) is introduced in [40]. Similar to PPT, here,
Singular Value Decomposition (SVD) along the thermal image sequence is performed.
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Specifically, the 3D thermal video, which has the size of (N, W, H) is at first reshaped to
(N, WH) with a raster-like operation. With the following formula, SVD can be performed:

X = UΓVT (7)

Where X represents the N ×WH raw data matrix. U is a WH × N matrix. The matrix
Γ has the size of N × N. The matrix VT is the transpose of an N × N matrix. When the
matrix A is arranged so that its columns contain time variations and its rows contain spatial
variations, the columns of the matrix U contain the Empirical Orthogonal Functions (EOFs).
Typically, the first few EOFs contain the most relevant information of the original data and
are used for further analysis.

3.4. Data labeling

The labeling of the data is done manually. At first, both PCT and PCT are applied to
all the PT data. The transformed images are then visually inspected to identify the one with
the best contrast of the defective regions. Manual labeling is then conducted by placing
circles on the transformed images. The labels are reliable because all the defects are known
and can be directly validated, as they are visible from the bottom side of the specimens.

Figure 5. Pulsed phase thermography images for a specimen.

Figure 6. Principal component thermography images for a specimen.

4. Experiments with deep models for defect segmentation
4.1. U-net

Introduced in [7], U-Net is a robust neural network architecture for biomedical image
segmentation. It has two main components: the encoding stage and the decoding stage.
The encoding stage is composed of several convolutional neural network blocks, each
followed by a max pooling operation. The decoding part usually consists of the same
number of transposed convolution blocks for upsampling. Thus the output will have the
same dimension as the input data. Between the encoding stage and the decoding stage,
there are also skip connections, which perform copy and concatenation of the feature maps
and enable output images to have high resolution. In this work, we use a lightweight
version of U-Net as shown in Figure 7, where we use only one convolutional layer instead
of a double convolutional layer as an operation block.
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4.2. SegNet

SegNet, proposed in [9], is similar to the U-Net architecture, which has encoding and
decoding stages. The main difference is that, in SegNet, only the locations where max
pooling is performed, which can also be referred to as pooling indices, are copied and used
for upsampling to the decoding stage at the skip connection instead of copying the entire
feature map from the encoding stage. Compared to the original SegNet, we have employed
fewer steps both at the encoding and the decoding stages. The model architecture used is
illustrated in Figure 8.
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Figure 7. U-Net architecture presented in [19].
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Pooling Indices

Figure 8. SegNet architecture adapted from a figure in [9].

4.3. Model pre-training

Various models pre-trained on optical images such as VGG net [2] or ResNet [3] can
be used as encoders to improve the performance of the encoder-decoder model due to their
well-designed network architecture.

Additionally, these models are often pre-trained on large datasets of standard images,
such as ImageNet dataset or COCO dataset. However, these pre-trained models cannot
be directly used for our application, as the PT data we have contains many more image
channels (each frame can be thought of as a channel in a 2.5D image) than the typical
3-channel RGB image. To address this, we modified the parameters in the first layer of the
pre-trained models so that they can process the PT data by following this formula:
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wj
′
=

∑C
1 wi

C′
(8)

Where the wi denotes the neuron’s weights at the ith channel of the network’s first
layer. C is the original channel number, which is 3 for the RGB channels. C

′
denotes the

new channel number, which is 1000 in our case. wj
′

is the new weights. With this method,
we are able to take advantage of the ImageNet pre-trained VGG11 models on the PT data.

4.4. Experiments on the original dataset

The data are split into three sections: training, validation, and testing. The training set
includes 13 measurements, while both the validation and test sets consist of 3 measurements
each. Various models are used in this study, including a modified version of U-Net and
SegNet, as well as versions of U-Net and SegNet that used a VGG11 encoder backbone
[41]. The latter two models were also trained with and without pre-trained parameters to
evaluate the impact of model pre-training on performance.

For the training, stochastic gradient descent (SGD) is used as an optimizer, The models
are trained for 3000 epochs. The loss function used here is binary cross entropy. The loss
can be calculated with the following formula:

L = − 1
N

N

∑
i=1

yi · log(p(yi)) + (1− yi) · log(1− p(yi)) (9)

Where yi is the model’s prediction, it can be either 0 or 1 for binary classification. p(yi)
is a model’s prediction of probability in [0, 1]. N represents the sample number.

The quantitative results on the test set of the original dataset are presented in the table
1. We use Intersection over Union (IoU) on the test set for evaluation. To be specific, the
average value of the IoUs (Average IoU) obtained on the three test samples is calculated. U-
Net with VGG11 as encoder has reached the highest IoU over the other models with a model
of 91.4MB. U-Net with pre-trained VGG11 as encoder has achieved comparable results,
which suggests that the model pretraining did not contribute to the model’s performance.
Figure 10 shows the visualization maps of results by U-Net and SegNet. They can both
generate satisfactory segmentations for the defects. U-Net tends to classify more pixel to
the foreground than SegNet. The models process measurements at 1-2 FPS on a machine
equipped with two Intel Xeon E5-2630 v4 @ 2.20GHz CPUs, which is relatively slow,
especially for industrial deployment.

Table 1. Results on test dataset of original data.

Average IoU Model size

U-Net 0.683 18.4 MB
SegNet 0.668 17.2 MB
U-Net VGG11 0.722 91.4 MB
U-Net VGG11 pre-trained 0.712 91.4 MB
SegNet VGG11 0.588 95.3 MB
SegNet VGG11 pre-trained 0.599 95.3 MB

4.5. Efficient data segmentation methods

Deep models possess strong feature-extraction capabilities. As a result, it is logical to
apply them directly to raw data. However, thermal videos tend to be large in size, which
can consume a significant amount of computational resources. This can make it impractical
for industrial deployment. In this section, we will investigate two approaches to reduce the
size of PT data to mitigate this problem.
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Figure 9. Thermal profiles comparison from sound area and defective areas with different defect
depths.

4.5.1. Experiment with transformed data

Manually inspecting a large number of frames per pulsed thermographic measurement
can be time-consuming and tedious. To address this issue, Pulsed Phase Thermography
(PPT) [38], Principal Component Thermography (PCT) [40], and Thermographic Signal
Reconstruction (TSR) [42] are often applied to extract the most relevant information from
the original PT data and create a more compact representation. This reduces the number
of images that need to be inspected. This suggests that these methods can be seen as
effective data preprocessing methods to reduce the size of training data for deep models.
Smaller training data size also consumes notably less computational cost for training deep
models. We select the first 10 images that are generated by PCT and PPT as training data.
We have experimented with two models on the transformed data. Here we use Adam
[43] as optimizer, the other hyperparameters are consistent with those in section 4.4 The
performance of the models on the transformed data is shown in table 2. In addition, the
models process the transformed data approximately 3 × faster than the model for the
original data.

Table 2. Results on validation dataset of transformed data.

Average IoU Model size

U-Net on original data 0.748 18.4 MB
SegNet on original data 0.729 17.2 MB
U-Net on PPT 0.732 14.5 MB
SegNet on PPT 0.717 13.3 MB
U-Net on PCT 0.638 14.5 MB
SegNet on PCT 0.625 13.3 MB

4.5.2. Experiment with fewer thermal frames

Figure 9 compares six thermal profiles from different areas (one from the sound area
and five from different defective areas) of the thermographic measurement and shows that
the main thermal value difference occurs in the early stage. The most relevant information
might also lie within this region. Therefore, using only the initial part of the thermal
sequence as input data may be beneficial for the deep models to focus. We use Average IoU
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Figure 10. Visualization of segmentation results. The green mask represents the segmentations, and
the yellow contour represents the ground truth area. The first row shows PCT images of the testing
data. The second row shows the results obtained using SegNet, and the third row shows the results
obtained using U-Net.

on the validation dataset as a metric to assess the effect of frame number on the models’
performance. Table 3 shows the results of the experiment on the validation set. Interestingly,
with the whole original measurement, the result is not the best. The best results were
obtained with the initial 200 frames. This indicates that many of the trailing frames do not
contribute to the defect evaluation and can be excluded. The training hyperparameters are
consistent with those in section 4.4. When processing the dataset with 140 or 200 frames,
the models run 2 to 3 × faster than the models for the original dataset.

Table 3. Results (Average IoU) with only leading frames of thermal sequence on validation dataset.
One original measurement contains 1810 frames.

1810 200 140 100 50 25

U-Net 0.748 0.762 0.729 0.728 0.705 0.467
SegNet 0.729 0.769 0.730 0.727 0.723 0.478

5. Discussion

Datasets are crucial for the advancement of applied AI. However, publicly available
PT datasets are scarce due to difficulties in data acquisition. We present a PT dataset for
training deep learning models. It contains 19 measurements collected on 19 PVC specimens
with planted defects. The dataset includes planted defects with known depth and size in
specific locations. These defects are also visible from the bottom side of each specimen,
allowing for easy and accurate labeling. This is in contrast to the completely hidden defects,
which are more common in the NDE field.
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Additionally, the dataset is larger than many NDE data for AI applications, such as
the datasets used in [19] and [18], which typically have a smaller number of specimens
(fewer than 10). A larger dataset can reduce the risk of the models’ overfitting.

We conducted experiments using several deep encoder-decoder models for defect
segmentation on the original dataset. Among them, U-Net VGG11, without using the
pre-trained parameters, achieves the best performance overall. The results also suggest
that using a pre-trained model does not necessarily enhance the model’s performance, as
observed for both U-Net and SegNet. Additionally, incorporating VGG11 as the encoder
backbone of U-Net improves the model’s performance significantly, which is not the case
for SegNet.

The results in Table 2 show that on the transformed datasets, the performance of the
models can be similar to what they do on the original dataset. However, the transformed
dataset is significantly smaller, and the training and inference time of the models can be
reduced accordingly. This indicates that PCT and PPT are effective data transformation
methods and can reduce the data size without losing relevant information.

Further than this, as we observed in the thermal profiles, the most evident difference
in the thermal values between sound areas and defective areas occurs early on in the
measurement. We have studied this issue by only using the leading frames as training data.
As shown in Table 3, when the models use only the first 50, 100, 140, or 200 images, the
performance of the models is barely decreased. However, these models can process data up
to 3 × faster than the models processing the original data. Interestingly, with 200 frames,
the models even reach better results than when the entire dataset is used. This suggests
that a large portion of the raw thermal data contains redundant information that is not
relevant for defect localization.

This work also has some limitations. One limitation is that the depth of defects
is not taken into account. This is essential for applications where the defect’s depth is
crucial. Another limitation is that the model is only tested on the defects in one shape.
It would be valuable to evaluate the model’s ability to detect defects of various shapes.
Additionally, exploring more methods for selecting frames during training could lead to
further improvements in model efficiency.

6. Conclusions

In this work, we present PVC-Infrared dataset for deep learning, a dataset for defect
detection using pulsed thermography as an NDE method. We hope that this dataset will
be of benefit to further research work. Additionally, we experiment with various deep
models, including U-Net, SegNet and variants of these models with VGG net as backbone,
on both the original dataset and transformed datasets using PPT and PCT. Furthermore, we
experiment with the models using only the leading thermal frames of the PT measurement,
given the assumption that they should contain more relevant information than the other
thermal frames. In both cases, the results can be comparable to the results on the original
data. Using fewer frames, the deep model can even outperform the one using the whole
dataset. These findings suggest that using the entire dataset is not necessary for a deep
learning-based automated defect segmentation task. This highlights the potential for
improving the efficiency of deep learning methods for PT data processing, particularly in
industrial deployments. For future work, depth information of defects should also be taken
into account. In addition, it would be meaningful to test the models on a PT dataset with
defects in other shapes.
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