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Abstract

Inspection of thermal fusion joints is essential for in-service high-density polyethylene (HDPE) gas pipe
operating safety. A directivity-compensated circular coherence factor weighted total focusing method
(D-CCF-TFM) algorithm is presented to solve the problem of low imaging quality of phased array
ultrasonic testing during inspecting thermal fusion joints of HDPE pipes. The D-CCF-TFM leverages
the circular coherence factor (CCF) to reduce noise interference during calculating the phase of defect
and employs a directivity function to compensate sound field intensities in different directions, leading to
obvious average signal-to-noise ratio (SNR) improvement compared to TFM, as confirmed through
experiments on thermal fusion joint and test block. To automate defect detection in D-CCF-TFM images,
an improved YOLOX algorithm is proposed, incorporating a convolutional block attention module
(CBAM) and adopting the complete intersection over union (CIoU) as the regression loss. Evaluation of
this improved YOLOX algorithm on a dataset of 2504 images yielded a mean average precision (mAP)
of 99.15%, demonstrating its effect in detecting small defects. Thus, it provides theoretical and technical

support for quality detection of thermal fusion joint welding.

Keywords Defect detection, deep learning, phase coherence factor, polyethylene pipe, thermal fusion

joints, total focus imaging.

1 Introduction

High-Density Polyethylene (HDPE) pipes are widely utilized as the primary material for gas
transmission in urban medium and low-pressure gas pipe networks due to their exceptional corrosion
resistance, structural attributes, and economic feasibility [1,2]. Welding defects in thermal fusion joints
pose a critical factor in failures, which can lead to serious safety accidents such as gas leakage [3]. It is
imperative to employ reliable and precise non-destructive evaluation (NDE) techniques for detecting and
characterizing defects in thermal fusion joints. Microwave technology has been employed to detect

embedded defects in HDPE materials [4], however, the detection of smaller-sized defects remains
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challenging. Infrared thermography images, on the other hand, do not enable the detection of deep
defects [5], limiting comprehensive defect assessment. While X-ray imaging reveals the internal features
of the sample [6], high cost and radiation damage to the human body hinder its practical application.

Phased array ultrasonic testing (PAUT) has been demonstrated significant potential in the
examination of HDPE materials [7,8], but its imaging performance for small defects and out-of-focus
anomalies remains suboptimal. The total focusing method (TFM), derived from full matrix capture
(FMCO), is a widely adopted PAUT imaging technique [9]. It has a growing application in the NDE of
composite materials [10,11]. However, the viscoelasticity of HDPE materials has been caused severe
attenuation of ultrasonic waves during imaging inspection, resulting in a decrease in the amplitude of the
echo signal. This impacts the imaging quality of the TFM algorithm.

In ultrasonic NDE, due to superior phase stability in defect generated signals contrasted with
background noise, the phase information of ultrasonic signal can be used for imaging to reduce the
impact of amplitude loss on imaging quality. Camacho et al. [12,13] proposed the phase coherence
imaging (PCI) algorithm, it is accomplished by extracting the instantaneous phase of the signal,
calculating the phase difference between defects and noise, and constructing a phase coherence factor
(PCF) matrix to weigh the amplitude of each pixel in the image, thereby suppressing structural noise. Ge
et al [14] employed the circular coherence factor (CCF) with time reversal (TR) weighted TFM
algorithm to suppress structural noise in concrete ultrasonic inspections. Tian et al. [15] used the
PC-weighted -TFM imaging method to detect defects in CFRP, and the results showed that the interlayer
reflection was suppressed, and the imaging signal-to-noise ratio (SNR) was improved. J. Camacho et al.
[16] used the combination of Sign Coherence Image (SCI) and TFM to evaluate the crack state with high
accuracy. Gauthier et al [17] employed vector coherence factor (VCF) to detect defects in grooving of 20
mm thick cold-rolled steel plates. The combination of PCF and TFM method for defect detection has
been well applied. However, the sound field of ultrasonic array has its own directivity, the directivity
radiation energy of ultrasonic array at different angles is different, resulting in different intensity of sound
field at different positions in the imaging results which affects the quality of imaging. It has been shown
that compensating the directivity of sound field can reduce ultrasonic attenuation in materials to a certain
extent [18-19]. However, there is currently a lack of research on the use of the directivity of sound field to
improve the PCF. This presents an opportunity for detecting defects in HDPE materials.

The primary objective of enhancing the signal-to-noise ratio (SNR) is to facilitate clear recognition
of defects in ultrasonic images by inspectors. However, extensive training for inspectors can be costly
and may lead to errors when handling a large volume of images. Consequently, the development of
automated defect detection technology has become essential [20-21]. Hasanian et al. [22] employed an
artificial neural network optimized by a random genetic algorithm for defect image detection. Li et al.
[23] used an optimized SVM to identify defective images of polyethylene gas pipelines.

With the rapid advancement of deep learning technology, particularly convolutional neural
networks (CNN), their application in PAUT images recognition has become widespread. Medak et al. [24]
utilized an EfficientDet-D0 model based on CNN architecture for automated defect detection in PAUT
images of stainless steel samples with various types of defects. In [25], the application of YOLOv3 and
SSD networks in detecting defects in PAUT images of steel blocks was introduced for the first time;
however, they only employed 98 images for network training, which constitutes a limited sample size.
Gantala and Balasubramaniam [26] utilized the YOLOv4 model for the automatic identification of weld
defects in carbon steel TFM images, incorporating finite element simulation and DCGAN for image data

augmentation. Shi et al. [27] have investigated defect identification in phased array ultrasonic inspection



images of HDPE pipe electrofusion joints using a CNN model. An YOLOX [28] model has also been
used for defect detection in similar applications. However, there is a lack of research on defect detection
of HDPE pipe thermal fusion joints images by using deep learning method.

In this paper, to solve the problem of low imaging quality and defect detection efficiency of HDPE
thermal fusion joint, the D-CCF-TFM is proposed, and the directivity compensation factor is established
according to the directivity function of the sound field to compensate the CCF, then weighted with the
pixel amplitude in the TFM algorithm. The imaging quality of HDPE thermal fusion joint defects can be
obtained, and its effectiveness is verified by experiments. Meanwhile, an YOLOX model is adopted to
automatically detect defects in thermal fusion joint images, and improved the detection ability of the
model by adding attention module and improving loss function. In addition, transfer learning is adopted
to train the model, and the model is compared and evaluated. Finally, thermal fusion joints inspection

experiments were carried out to verify the correctness of the proposed D-CCF-TFM.

2 Methodology

2.1 D-CCF-TFM Algorithm

The TFM imaging algorithm divides the imaging area into multiple grids and uses delay and sum
(DAS) on the acquired FMC data to identify internal defects within the material using the calculate
amplitude information. As shown in Fig. 1, for a given focal point F(x,z), the flight time #;(x,z) of an
ultrasonic wave from emitting array element i to the focal point and then reflected back to the receiving

array element j can be expressed by the following equation (1).
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where c is the ultrasonic velocity in the sample, x; represents the emitting array element central
horizontal coordinate, x; represents the receiving array element central horizontal coordinate.
[insert Fig. 1]
Fig. 1 Schematic diagram of TFM imaging method.
According to the TFM algorithm, the amplitude of a focus point within the imaging region can be

determined, for a given focus point F(x,z), its amplitude Item(x,z) is represented by equation (2).

N N
Ly (%,2) = D Y (S, (1,(x,2))) @
i=1 j=I1
where N is the number of array elements, S is the ultrasonic echo signal emitted by the i array

element and received by the j array element, h(x;,x;,t;;) is the Hillbert transform with the expression.
h(x;,x j,t,.j) = h(cos(@) + jsin(p)) 3)

where, ¢ is the phase angle of the F(x,z),|A| is the mode of the signal.

Phase coherence uses the phase difference between defective and non-defective regions during
ultrasonic propagation to accurately locate and image defects. The circular coherence factor (CCF)
[12,13]is used to characterize the phase distribution of the signal, and then the weight matrix is
constructed, which can avoid the amplitude loss of the ultrasonic signal at the defect and effectively

suppress the noise at the same time, the CCF(x,z) can be calculated as:

CCF (x,7) = 1—Jvar(cos p(x, 2)) +var(sin g(x, 7)) @)
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where var is the variance, the expression for var(cosp(x,z)) is given by:

N N
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while the expression for var(sing) is:
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The directivity function [19] reflects the relationship between the energy of the sound field and the
propagation direction of the sound beam. It balances the energy difference of the sound beam in different
directions and compensates for the sound field intensity of the array elements at different angles. This
compensation can effectively reduce the imaging error caused by ultrasonic attenuation. Therefore, a
directivity-compensation factor D is established based on the directivity function of the array element in
the sound field. For a one-dimensional linear array, the directivity compensation factor D(x,z) can be

determined as follows:

. [(sin6)-a,-
D(x,z) = D(w,0) =sinc {(sm)%} @)
where the expression for sinc(x) is expressed by:
sinc(x)= 30070 ®)
TX

where, 4 is the ultrasonic wavelength; w is the frequency, 6 is the angle from the array element to an
arbitrary F(x,z), ap is the width of the array element.

The directivity compensation factor Dj(x,z) for a pair of emitting and receiving array element
combinations (where array element i emitting and array element j receives) is the product of the
directivity of the emitting and receiving array elements in the sound field. This can be expressed by the

following equation (9).

D, (x.2)= sinc[(““@#} m[W} o)

where, 0ir, 6;r are the angles from array element i and array element j to the F(x,z), the schematic
diagram of 8;r, O angle is shown in Fig. 1.
The Dj(x,z) is then multiplied by the circular coherence factor CCF to obtain the

directivity-compensated phase coherence factor D-CCF(x,z) as followed.
D-CCF(x,z) =D,;(x,z)-CCF(x,2) (10)

The D-CCF-TFM is weighted with the Itrm(x,z) to obtain the focal point amplitude Ip.ccr-trm of the
directivity-compensated circular coherence factor weighted total focusing method algorithm, as shown

in equation (11).

Iy ccprma (X, 2) = D - CCF (X, 2) Ly (X, 2) (11)

2.2 Deep Learning Architecture

The objective of defect detection in thermal fusion joints is to locate and categorize anomalies in



images accurately. This can be achieved using deep learning-based object detection. There are two
main types of models for this purpose. Two-stage detection models, such as Faster R-CNN [29], utilize
candidate region generation, followed by classification and regression algorithms for target location.
One-stage detection models, like YOLO and SSD, employ regression methods for direct mapping
between input images and target boxes, enabling fast detection by predicting box locations and
probabilities. YOLOX, an advanced model in the YOLO series, improves feature extraction network
architecture to expand the network's receptive field. This advancement enhances the detection of small
targets in images.

The YOLOX model consists of three integral components: the backbone, the neck, and the head.
Upon introduction of an image into the backbone, it undergoes a process of feature extraction utilizing
structural elements such as the Focus structure and CBS component, in conjunction with processes
including CSPL and SPP. This results in the generation of three feature maps of differing dimensions.
These feature maps then progress to the neck network where they are interconnected and undergo
feature fusion via UpSampling and DownSampling techniques, culminating in the creation of a feature
pyramid that accumulates semantic information at an advanced level. The fused feature maps derived
from this phase are subsequently fed into the head network, thereby enabling multi-scale target
detection capabilities.

However, defects of different sizes are often randomly dispersed in ultrasonic images of thermal
fusion joints, which increases the complexity of defect identification in the network. As the depth of the
network increases, the possibility of critical information being lost when detecting defects with low
pixel ratios increases, resulting in misidentification. Therefore, two improvements were made to the
YOLOX model, and the improved YOLOX architecture is shown in Fig. 2.

[insert Fig. 2]
Fig. 2 The improved YOLOX architecture

(1) Attention Module

The Convolutional Block Attention Module (CBAM) consists of two integral components: the
Channel Attention Module (CAM) and the Spatial Attention Module (SAM). In the CAM, the input
feature map F is initially subjected to global max and average pooling operations along its width and
height dimensions. The resulting one-dimensional pooled vectors are then fed into a multilayer
perceptron (MLP). Through the application of a sigmoid function, normalized channel attention
weights are derived. Ultimately, these weights are multiplied with the input F to compute the channel
attention-adjusted feature map F'. Subsequently, the SAM takes the F' feature map as its input. In this
module, global max and average pooling operations are performed on F' based on its channels. The
pooled channels are concatenated and passed through a convolutional layer utilizing a 7x7
convolutional kernel. The spatial attention weights are finally generated via a sigmoid function, which
are then multiplied with the F' feature map to obtain the final feature map F".

(2) Loss Function

The loss function regulates the predicted box's position by calculating the gap between the
predicted box and the real box to improve the accuracy and localization of the YOLOX network
prediction results. It comprises object loss, classification loss and regression loss. The regression loss
uses Intersection over Union (IoU) to compute loss values that reflect the overlap ratio between the

predicted box and the real box.
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Where: A is the predicted box, B is the real box, ANB represents the area of its intersection, and
AUB represents the area of its concurrency.

To address the shortcomings of IoU loss concerning localization and prediction, this paper
employs the Complete Intersection over Union (CIloU) [30] for the model. The CloU introduces
additional information, such as the box's center point and aspect ratio, leading to a more accurate
assessment of the similarity between the predicted box and the ground truth box. It offers superior
guidance for network learning, thereby resulting in enhanced detection precision and improved

convergence speed. The calculation formula for the CloU is presented as follows:(13) - (14).

2 t
b,b*
CloU =ToU— (2227 4 ) (13)
C
where the expression for « is given by:
L
o0=—" 14
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while the expression for v is given by:
4 - W,
v =—2(arctan—t—arctan—) (15)
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where: b is the center coordinate parameter of the prediction box; b is the center coordinate
parameter of the real box; p denotes the Euclidean distance between the two, and c is the length of the
diagonal of the outer rectangle of the real box and the predicted image; w, h&' are the width and height
of the real box; w, h are the width and height of the predicted box; a is the weight coefficient; and v is

the similarity of the aspect ratio.

3 Experiments and Analysis of D-CCF-TFM

3.1 Specimen and Experimental setup

To validate the effectiveness of the proposed D-CCF-TFM imaging method, we prepared two
HDPE samples. The first specimen was a HDPE test block with a size of 400 mm x 40 mm x 80 mm.
In the right area of the specimen block (A), @1 mm, ¢2 mm, and ¢3 mm transverse through-hole
defects were machined, and in the left area of the specimen block (B), ¢1 mm transverse through-hole
defects were machined, as shown in Fig. 3(a). The second specimen under consideration is a thermal
fusion joint, as shown in Fig. 3(b) and Fig. 3(c), with an outer diameter of 315 mm and a thickness of
28.6 mm. This joint incorporates holes with diameters of 2 mm, ¢3 mm, and ¢4 mm, each possessing
depths of 6 mm, 10 mm, and 20 mm, respectively. Furthermore, it encompasses grooves measuring 2
mm X 4 mm, 3 mm x 7.5 mm, and 4.5 mm x 9 mm, which are strategically positioned at varying angles
across the cross-sectional area. In addition, we obtained specimens of in-service HDPE thermal fusion
joints, as shown in Fig. 3(c), to increase the sample size for subsequent defect detection.

[insert Fig. 3(a)]
[insert Fig. 3(b)]
[insert Fig. 3(c)]
Fig. 3 Test specimens of HDPE (a) test block(b)-(c) thermal fusion joint.

The experimental setup was shown in Fig. 4. It includes a TFM data acquisition instrument



(sampling frequency of 62.5 MHz), a ultrasonic transducer (central frequency of 2.25 MHz, 64 array
elements, and an element spacing of 0.75 mm), a hand-held encoder. The inspection was conducted in
the primary longitudinal wave mode with a velocity setting of 2300m/s.
[insert Fig. 4]
Fig. 4. Experimental setup.

3.2 Experimental Results and Discussion

The HDPE samples were scrutinized utilizing the previously described experimental setup and
imaged through TFM, CCF, and D-CCF-TFM algorithms. Fig. 5 shows the imaging inspection results of
the Imm through-hole defect in the test block, and Fig. 6 and Fig. 7 show the imaging inspection results
of the 2mm hole and 3mmx7.5mm groove in the thermal fusion joint, respectively.

The inspection results show that all three algorithms have been able to identify the location of the
defects. As can be seen from Fig. 5, for the Imm transverse through-hole defect in the test block, the PCI
algorithm cannot detect defects at depths below 35mm and increases clutter amplitude above the image.
The D-CCF-TFM algorithm effectively suppresses clutter above the image, while the imaging amplitude
of the D-CCF-TFM algorithm is slightly reduced. Nevertheless, the fringe clutter around the defects is
well suppressed. In Fig. 6(a) and Fig. 7(a), for defects in thermal fusion joint samples, the TFM
algorithm introduces a large amount of structural noise in the detection image, as well as obvious
scattered noise and artifacts around the defects. This leads to greater interference near the near-field
region of the probe, thus affecting the accuracy of defect detection. In Fig. 6(b) and Fig. 7(b), the CCF
algorithm suppresses clutter in the central area of the detection image and reduces the amplitude of the
bottom echo to some extent. However, this results in an increase in clutter amplitude in the near-field area
and a decrease in defect amplitude at greater depths. As shown in Fig. 6(c) and Fig. 7(c), the
D-CCF-TFM algorithm effectively suppresses clutter in the upper and middle regions of the detected
image. Although the amplitude of defects may be slightly reduced, clutter around the defect region is
well suppressed, making defects easier to distinguish. The resolution of the detected image is also higher
than that of the other two algorithms.

[insert Fig. 5(a)]
[insert Fig. 5(b)]
[insert Fig. 5(c)]
Fig. 5 ®1 mm through-hole defect imaging inspection diagram of test block using (a) TFM (b) CCF (c)
D-CCF-TFM.
[insert Fig. 6(a)]
[insert Fig. 6(b)]
[insert Fig. 6(c)]
Fig. 6 ®2 mm hole defect imaging inspection diagram of thermal fusion joints using (a) TFM (b) CCF (c)
D-CCF-TFM.
[insert Fig. 7(a)]
[insert Fig. 7(b)]
[insert Fig. 7(c)]
Fig. 7 3 mm x 7.5 mm groove defect imaging inspection map of thermal fusion joints using (a) TFM (b)
CCF (c) D-CCF-TFM.
Fig. 8 presents the error curves of defect detection results. In Fig. 8(a), which depicts the defect

width size detection error curve, the D-CCF-TFM algorithm and TFM algorithm exhibit more closely



fitting error curves compared to the CCF algorithm, which displays a larger undulation in its error
curve. The average detection error for the TFM algorithm is within 0.92 mm, while the D-CCF-TFM
algorithm demonstrates an average detection error within 0.74 mm. In Fig. 8(b), which depicts the
defect depth size detection error curve, the error curves of the three algorithms are relatively proximal
to one another. The detection error of the TFM algorithm is found to be within 1 mm, whereas the
detection error of the D-CCF-TFM algorithm is confined within 0.86 mm. Overall, the detection
accuracy of the D-CCF-TFM algorithm is higher than that of the other two algorithms.

To conduct a comprehensive and quantitative analysis of the imaging performance of each
algorithm, we employed signal-to-noise ratio (SNR) and array performance index (API) as comparative

metrics. Lower values of the AP/ indicate superior resolution in defect imaging.

SNR:ZOIgi (16)
average
A
API = % a7)

Where: I, is the maximum amplitude at the defect and luverage is the average amplitude in the
non-defective region. A.sp is the imaging area in the image where the amplitude decreases by 6 dB
from the maximum value, and A is the ultrasonic wavelength.

As can be seen in Fig. 8(c), the SNR of the CCF algorithm does not exhibit a substantial
improvement compared to the TFM algorithm. Conversely, the imaging SNR ratio of the D-CCF-TFM
algorithm demonstrates a marked enhancement, with an average increase of 9.43 dB relative to the
TFM algorithm and 9.31 dB in comparison to the CCF algorithm. As can be seen in Fig. 8(d), both the
CCF and D-CCF-TFM algorithms exhibit higher Array Performance Index (API) values compared to
the TFM algorithm; however, the average API value of the D-CCF-TFM algorithm is slightly elevated
by 3% relative to that of the CCF algorithm. This observation can be attributed to the reduction in the
overall magnitude of the pixel-point matrix as the degree of weighting increases, which leads to the
suppression of both noise and the magnitude of certain defective regions. Despite this, the
D-CCF-TFM algorithm demonstrates superior performance when evaluated in terms of combined
signal-to-noise ratio (SNR) and API values, surpassing both the CCF and TFM algorithms.

[insert Fig. 8(a)]
[insert Fig. 8(b)]
[insert Fig. 8(c)]
[insert Fig. 8(d)]
Fig. 8 Plots of the three imaging algorithms (a) width (b) depth and (c) SNR (d)APL

4 Experiment of Automatic Defect Detection

4.1 Dataset

The raw data for deep learning training is derived from the D-CCF-TFM algorithm images obtained
as described in Section III. To enhance the accuracy and robustness of the model, the original dataset is
augmented through random rotation, contrast enhancement, and the addition of noise. However, a
challenge arises due to the fact that the imaging results of two different samples are not consistently
identical in size. Although the training model interpolates image scaling, unifies sizes, and performs

other operations, these procedures can potentially introduce distortions in the image, leading to



information loss and inaccuracies in the results. To address this issue, this study employs the sliding
window method to extract image segments, with a clipping window size of 256 x 256 pixels.
Furthermore, the dataset is constructed using a total of 2504 local images, which include 677 grooves and
1827 holes. The dataset is subsequently divided into a training set (80%) and a test set (20%) for the

purpose of model development and evaluation.
4.2 Model Training

Windows 10 operating system was used for model training. The YOLOX network, which offers
standardized architectures, can be classified into four distinct configurations: 's', 'x', 'm', and 'I', based on
the network depth and the number of parameters. Considering factors such as the size of the training set
and the constraints of the actual experimental conditions, the 's' variant was chosen for model training in
this investigation to ensure a balance between computational efficiency and detection accuracy.

Due to the limited defect image data available for HDPE pipe thermal fusion joints, the training
process is prone to overfitting, which can lead to poor model generalization. To mitigate this issue, a
transfer learning strategy was employed during the model training phase. The parameters from the
backbone feature extraction network of the original model, pretrained on a large classification dataset,
were utilized as initial weights for the model. This methodology enhanced both the training efficiency
and the network's feature extraction capabilities. The training process was divided into two distinct
phases: the freezing phase and the unfreezing phase. For a detailed description of the specific parameters
used in these phases, please refer to Table 1.

[insert Table 1]
Table 1 The parameters of model training

The loss value curves of the model are depicted in Figure 10. As shown in Fig. 9(a), the YOLOX
model exhibits a substantial loss value, with the validation loss (Val loss) stabilizing after
approximately 200 epochs, whereas the training loss (Train loss) continues to decrease, suggesting
overfitting during the training process. In contrast, Fig. 9(b) presents the Train loss curve for the
enhanced YOLOX model. Both the Train loss and Val loss demonstrate a steady decline, exhibiting a
more harmonized trend. Notably, the Train loss consistently remains higher than the Val loss, which
signifies an optimal state where the network has been adequately trained without overfitting.

[insert Fig. 9(a)]
[insert Fig. 9(b)]
Fig. 9 Loss Curves of Model Training: (a) YOLOX and (b) improved YOLOX.

4.3 Model Evaluation

To evaluate the detection performance of the model, we employed four key assessment metrics:
precision (P), recall (R), mean average precision (mAP), and frames per second (F)). P is the proportion

of correctly detected defects among all predicted defects, can be derived from equation (18).

P:L (18)
T, + F,

R indicates the proportion of actual defects that are successfully identified by the model, can be

derived from equation (19).
— [
T, + Fy
9

19)



The mean Average Precision (mAP) integrates precision and recall across various confidence
thresholds. It is calculated using a standard threshold commonly adopted in object detection tasks,

specifically an IoU threshold of 0.5, as derived in Equation (20).
1 n
mAP@0.5=—=) AP, @IoU=0.5 20)
n-

where the expression for AP is expressed by:
1
AP=[ P(R)AR @1

F,, assesses the computational efficiency of the model by quantifying the number of image frames
processed per unit time, can be derived from equation (22).
N
=— (22)
t
where, Tp is the number of samples with correctly identified defects; Fp is the number of samples

ps

with incorrectly identified defects; Fx is the number of samples with undetected defects; n is the
number of defect categories; N is the number of samples tested; and ¢ is the total detection time.

To assess the performance of the proposed model in detecting defects in images of HDPE pipe
thermal fusion joints, we conducted a comparative analysis against Faster R-CNN, YOLOvVS5, and
YOLOX using the same dataset while maintaining consistent experimental conditions and parameters.
The results of this comparison are summarized in Table 2. The findings reveal that the model presented
in this paper outperforms the other models in terms of P, R, and mAP indices. Our model achieves a
2.31% improvement in the overall mAP@0.5 compared to the YOLOX model.

[insert Table 2]
Table 2 Comparison of detection results of different algorithms

Ablation studies were carried out to ascertain the influence of different enhancement modules on
the model's recognition performance. The results of these experiments are presented in Table 3. The
findings demonstrate that the incorporation of the Improved YOLOX led to significant improvements
in the model's mean average precision at an intersection over union threshold of 0.5. Specifically, the
use of the CBAM attention mechanism enhanced the mAP@0.5 by 1.71%, while the adoption of the
CloU loss function resulted in a 0.78% increase compared to the YOLOX model. It is noteworthy that
the introduction of these enhancement modules slightly reduced the detection speed due to the
increased computational complexity. Nonetheless, the detection rate for thermal fusion joint images of
HDPE pipes still meets the industrial requirements, indicating the practical viability of the proposed
model.

[insert Table 3]

Table 3 Results of ablation experiments
4.4 Practical Verification of the Model Performance

Fig. 10 shows the results of automatic detection of different defects in thermal fusion joints. Images
(a) to (c) represent the detection results of the YOLOX model, while (d) to (f) represent the detection
results of the improved YOLOX. The figure includes 2 mm holes (a) and (d) at depths of 10 mm, 16
mm, and 22 mm; grooves (b) and (e) at depths of 3mm by 7.5 mm, and holes (c) and (f) at depths of
@3mm. Asshown in Fig. 10(a) and (d), for holes at depths of 10 mm and 22 mm, the improved YOLOX
outperformed YOLOX, improving detection accuracy from 0.63 to 0.72 and 0.51 to 0.79 respectively.

10



Fig. 10(b) and (e) show that the improved YOLOX enhanced recognition accuracy for groove defects. In
Fig. 10(c) and (f), the improved YOLOX accurately identified 3mm hole defects at 16 mm depth, while
YOLOX mistakenly identified the bottom wave as a defect. The improved YOLOX model significantly
enhanced detection capabilities and identified smaller defects with greater accuracy. The detection rate
for irregularly shaped hole defects also improved notably. However, recognition performance for groove
defects did not see a significant improvement. This could be due to insufficient data available for training
the model on groove defects. Further enhancements to the dataset, especially focusing on groove defects,
are warranted.

[insert Fig. 10(a)]

[insert Fig. 10(b)]

[insert Fig. 10(c)]

[insert Fig. 10(d)]

[insert Fig. 10(e)]

[insert Fig. 10(f)]
Fig. 10 Results of automatic detection of different defects in thermal fusion joints. (a)-(c) YOLOX (d)-(f)

improved YOLOX.

5 Conclusions

This study has explored TFM imaging and intelligent defect recognition in thermal fusion joints of
HDPE pipes. We have been presented a D-CCF-TFM algorithm which takes into account the directivity
of the ultrasonic array to reduce structural noise in the detected images, thereby improving the SNR and
generating high-quality images suitable for intelligent recognition. Furthermore, we investigated a deep
learning-based intelligent defect recognition method utilizing an improved YOLOX network, aiming to
enhance the efficiency and accuracy of nondestructive testing. The findings of this research can be
summarized as follows:

(1) The proposed D-CCF-TFM algorithm has demonstrated average detection errors of less than
0.74 mm in the defect width dimension and 0.86 mm in the defect depth dimension for HDPE pipe
thermal fusion joints. In terms of image SNR, the D-CCF-TFM algorithm produces images with
improved overall performance compared to the TFM and CCF algorithms, respectively.

(2) The proposed improved YOLOX model, constructed using a dataset containing 2504 real
inspection data points for training, established a defect recognition model for TFM images of HDPE pipe
hot-melt joints, which achieved a mAP@0.5 value of 99.15%, which is 2.31% higher than the original
YOLOX model. The model produced promising detection results for real defect images (including
smaller and irregularly shaped defects).

(3) The defect detection model established in this paper can be used to automatically identify the
TFM images of thermal fusion joints, which can significantly improve the detection efficiency of thermal
fusion joints in urban gas pipelines and reduce the risk of misjudgment in manual evaluation of images.

This is of great significance to ensure the safe and stable operation of the pipeline.
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Table 1

Training phase Epoch Learning rate Batch size Optimizer type Momentum
Freezing phase 50 0.01 8 SGD 0.937
Unfreezing phase 200 0.0001 4 SGD 0.937
Table 2
Model P R mAP@0.5 Fps
Faster R-CNN 68.67% 85.01% 80.25% 7.53
YOLOVS 87.82% 90.11% 93.43% 11.12
YOLOX 91.99% 96.16% 96.84% 13.74
Improved YOLOX 97.02% 98.40% 99.15% 12.76
Table 3
Group CBAM CloU mAP@0.5 Frs
1 N 98.55% 12.88
2 N 97.62% 13.30
3 96.84% 13.74
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