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Fig. 1 Phased array ultrasound images
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Fig. 2 Improved U-Net3+model based on residual and attention
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Fig. 3 Structure of residual block
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Table I Comparison of different models on the ultrasonic image

dataset of electrofusion welding

Method Dice/% mloU/%
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Fig. 7 Comparison of segmentation results



2

B, 55 FTIEU-Net3 -+ A B S RIS 53 247

8.81% 71 12.84%; AH kb F 4 L1433 B 77 ettt U-Net 5
A Attention U-Net, AX SCHVETE S 80 L4342 5
T 3.83% F 6.15%; #H LT U-Net3+, A SCH %73 51l
T 1.09% Fil1.81%, 3K it B AS SCHRERY ISR 1 % 26 %)
7 MR AT B IGRE T, B T RA A RIS

AL A AL 25 SR B SR B A ek Fe an i 7, 1 8 i
o MEIHRT LU i, A SCH AR RS A5 31 1) %)
g5 R FUE S, AR R, I B4 H U-Net F1
Attention U-Net, 7E1% 28 251 0 4 Wr b 58 hinAE A, 156 B
WO S R AL S ok s T AE BRI, B T R

B ~ron, e R e e s Sy
O e e ]

(b) Our model

(a) Original image

(c) U-Net3+

bR SO B AR A R

MIEL 8 ol DU Y, 7 SOBERLAT 2 9 T8 L)
VLT 45 R 201 AR W i /D, JEEAR TR BT, RE A HE B b i i
/NG, XA B TR S 2o i SO T Bk Y
) I T S A £ A 38 LT ke 1 1 i o 22
T T R KR, R BE 22 A P A G BT A i
X S B0 AR, TR B 45 R K RE B8 A L A A3 )
Wit ) o X TR R 22, BON BRI iy R R, A
SCHYTT 5B RS AR PR P, 45 HH A B il 225K A &1
BER

(d) Attention U-Net (e) U-Net

P8 oIS R AR Ay

Fig. 8 Local details of segmentation results
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Table 2 Ablation experiments on different modules

Method Dice/% mloU/%
U-Net3+ 89.77 81.60
U-Net3+ + Res 88.32 79.58
U-Net + Res + CBAM 90.13 82.19
U-Net3+ + CBAM 90.30 82.49
U-Net3+ + Res+ CBAM 90.86 83.41
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Semantic Segmentation of Phased Array Ultrasound Images
Based on Improved U-Net3+

MAO Xinyue, WANG Huifeng, ZHOU lJiale, GU Zhen, YAN Bingyong
(School of Information Science and Engineering, East China University of Science and Technology,
Shanghai 200237, China)

Abstract: Ultrasonic phased array images have been widely used in the welding defect detection of polyethylene
gas pipelines. With the rapid development of machine vision technology, using machine assisted or automated analysis
of ultrasonic images can greatly improve the defect detection speed and reduce the occurrence of human judgment
errors. In the welding defect detection technology based on ultrasound images, the accuracy of image semantic
segmentation is crucial for determining the defect categories and severity levels. This paper proposes an improved
model incorporating residual modules and attention mechanism based on the U-Net3+ network, and applies it to the
semantic segmentation of phased array ultrasonic image for defect detection in electrofusion welding. Firstly, the
improved model enhances the image feature extraction ability of the encoder by adopting a residual structure between
each layer of the encoder. Secondly, by introducing Convolutional Block Attention Module (CBAM) in the skip
connection, the model’s utilization of original image information is strengthened, making it easier for the model to
focus on effective regions in the original image. The experimental results show that the improved model has good
segmentation performance on ultrasonic images of electrofusion welding, with improvements of 8.81% and 12.84% in
Dice and mloU indicators compared to U-Net, respectively. Compared to U-Net3+, the segmentation performance is
improved by 1.09% and 1.81%, respectively.

Key words: phased array ultrasound images; image semantic segmentation; U-Net3+; attention mechanism;

residual network

(FTHEm A F4R)


https://doi.org/10.48550/arXiv.1412.7062
https://arxiv.org/abs/1706.05587
https://arxiv.org/abs/1706.05587
https://doi.org/10.1109/TPAMI.2016.2644615
https://doi.org/10.1109/TPAMI.2016.2644615
https://doi.org/10.1109/TPAMI.2016.2644615

	1 融入残差及注意力的U-Net3+模型
	1.1 语义分割网络的整体架构
	1.2 残差结构
	1.3 注意力模块

	2 实验设计与分析
	2.1 实验环境设置
	2.2 数据集与评估指标
	2.2.1 实验数据及预处理
	2.2.2 数据预处理
	2.2.3 评价指标
	2.2.4 超参数设置

	2.3 结果与分析
	2.3.1 对比实验
	2.3.2 消融实验
	2.3.3 特征图分析


	3 结束语
	参考文献

