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328 A& : Gong R L, Shi J and Wang J. 2020. Hybrid supervised dual-channel feedback U-Net for segmentation of breast ultrasound images. Journal
of Image and Graphics,25(10) :2206-2217 ( ST, [tifR , £ 42. 2020. 16 o) FLAREE P PR 43 B TR G B BURIE 2 15t U-Net. op = B R ETE 254,
25(10) :2206-2217) [ DOI; 10. 11834/jig. 200240 ]
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Hybrid supervised dual-channel feedback U-Net for
segmentation of breast ultrasound images

Gong Ronglin, Shi Jun, Wang Jun
School of Communication and Information Engineering, Shanghai University, Shanghai 200444, China

Abstract: Objective In the clinical diagnosis and treatment of breast cancer, ultrasound imaging is widely used because of
its real-time, non-radiation, and low cost. Automatic segmentation of breast lesions is a basic preprocessing step for com-
puter-aided diagnosis and quantitative analysis of breast cancer. However, breast ultrasound segmentation is challenging.
First, more noises and artifacts can be found in ultrasound images, and the boundary of the lesions is more ambiguous than
the foreground in general segmentation tasks. Second, the size of the lesions in different sample images is different. In
addition, benign and malignant lesions are quite different. The segmentation effect depends on the ability of the algorithm to

understand the overall image. However, traditional methods rely on the characteristics of artificial design, which is difficult

5 B 87 :2020-05-31 ; & [a] H #§ :2020-07-08 ; Fi EN Z< B #A:2020-07-15
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Supported by : National Natural Science Foundation of China (81830058, 81627804 )
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to deal with the noise and image structures. In recent years, excellent segmentation models such as U-Net are identified in
the field of medical image segmentation. Many algorithms are based on U-Net, such as Auto-U-Net. Auto-U-Net uses the
idea of iterative training to form a new input from the probability graph of model output and the original graph and sends
them to the new U-Net model for training. However, the number of models needed in Auto-U-Net is the same as the total
number of iterations, which leads to a complex training process and inefficient parameter utilization. The segmentation algo-
rithm based on deep leamning has a certain demand for data scale and annotation quality, whereas the professional require-
ments for accurate annotation of medical image data are high. Therefore, the number of samples cannot be guaranteed,
resulting in the limited performance of the deep learning model. For the above mentioned challenges, in addition to transfer
learning methods, using self-supervised learning to assist the training process is also a feasible solution. Considering that
self-supervised learning emphasizes self-learning, this feature can deal with the problem of high cost in medical image field.
Compared with the common transfer learning method, the advantage of self-supervised learning in the field of medical image
lies in the stronger correlation between pretext task and target task. At present, in the field of medical image, the focus of
research on self-supervised learning method is self-monitoring learning, whereas semantic segmentation is only a downstream
task to evaluate self-supervised learning to features. In this process, the assistant task lacks the effective use of label infor-
mation. Facing these limitations, this paper proposes a hybrid supervised dual-channel feedback U-Net ( HSDF-U-Net) to
improve the accuracy of breast ultrasound image segmentation. Method HSDF-U-Net achieves hybrid supervised learning
by integrating self-supervised learning and supervised segmentation and improves the accuracy of image segmentation by
developing a dual channel feedback U-Net network. The algorithm designs the edge recovery task on the basis of the infor-
mation in the segmentation label to enhance the correlation between the pretext task and the target task in self-supervised
learning. The location information of contour pixels is extracted from the segmentation label. The images with ambiguous
edge and the images with gray value close to the segmentation mask are obtained by using this information. They are used as
input and label of deep learning to obtain the pre-training model with stronger ability to represent the edge of lesions and
then transferred to the downstream image segmentation task. In addition, the feedback mechanism is introduced into U-Net
to improve the performance of the model in the pretext edge restoration task and the downstream segmentation task. The
mechanism is based on the general feed-forward convolutional neural network (CNN) and integrates the idea of weight sha-
ring in the recurrent neural network. Through feeding back feature map, the prediction results are continuously refined.
Therefore , we propose a dual channel feedback U-Net. The output probability map is fed back to the coding stage as the in-
put of the encoder part probability channel. It forms a dual channel input together with ultrasonic image, which is encoded
and fused separately before decoding. Consequently, the prediction results are continuously refined. Result The perform-
ance of HSDF-U-Net algorithm was evaluated on two open breast ultrasound image segmentation datasets. HSDF-U-Net seg-
mented the image in Dataset B obtained sensitivity of 0. 848 0, dice of 0. 826 1, and the average symmetrical surface dis-
tance of 5. 81. The sensitivity of 0. 803 9, dice of 0.803 1, and the average symmetrical surface distance of 6. 44 were
obtained on Dataset breast ultrasound images (BUSI) . The above mentioned results were improved compared with the
typical deep learning segmentation algorithm. Conclusion In this study, the proposed HSDF-U-Net improves the accuracy
of breast ultrasound image segmentation, indicating potential application value.

Key words: breast ultrasound image segmentation; deep learning; self-supervised learning; hybrid supervised learning;

dual-channel feedback U-Net
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Fig.2  Design of hybrid supervised edge restoration task
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Fig.4 The segmentation results of different algorithms in Dataset B and Dataset BUSI
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Table 2 Results of different medical image

segmentation algorithms on Dataset B

Ik sensitivity Dice ASSD

U-Net 0.797 9 £0.040 4 0.777 9 £0.031 3 11.15 £5.11
Attention U-Net  0.779 8 £0.045 2 0.761 9 £0.028 7 13.60 +4. 86

Nested U-Net 0.7957 £0.051 0 0.780 3 +0.035 3 13.28 £8.41

Auto-U-Net 0.8115+0.0400 0.790 3 +0.029 1 11. 14 5. 64
SS-U-Net 0.804 9 +0.049 1 0.773 8 £0.040 0 13.01 £6.51
HSDF-U-Net 0.848 0 +£0.044 1 0.826 1 +0.029 8 5.81 +2.20

T I A 5 R L (E

Nk 3 frsR  HSDF-U-Net 78 3 Tifgin L3S
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HARXS T U-Net $2 712 3% (IR LR T T 0. 041 3,
Dice i 7} 1 0. 042 3) , F B T I S 15 285 149 1) A 23K

%3 Dataset B FHERISSIRER

Table 3 Ablation experiment results on Dataset B

Fk sensitivity Dice ASSD
U-Net 0.797 9 +£0.040 4 0.777 9 +0.031 3 11.15 £5.11
SS-U-Net 0.8049+0.049 1 0.773 8 £0.040 0 13.01 6. 51
HS-U-Net 0.8273+0.036 8 0.793 3 +0.031 4 9.70 +4.42
DF-U-Net 0.8392+0.036 0 0.8202 +0.029 3 10. 11 £4.70
HSDF-U-Net 0.848 0 £0.044 1 0.826 1 +£0.029 8 5.81 +2.20

Mo BEAN B FTR A W 2% 295501 U-Net 7£ ASSD
AR TS 2 AR A5, A el R B A ) B R
23] SS-U-Net 227, ASSD 4g/NT 3. 31, 3F8H T frdi
TR A B 2 T RE SR A R

4 25 TR [ASE VA AE Dataset BUSI |45 b
255 HSDF-U-Net 253 5iUse 4 0. 803 9 £0. 044 0,
Dice 37 0. 803 1 +0.036 8,ASSD 6. 44 +2.80, 5
U-Net AHL, ZFE M BURE ST 7 0.010 5, fEE
4 VG 3 ) U B JE PR A b, R T
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2/TRRET 1361,
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Table 4 Results of different medical image

segmentation algorithms on Dataset BUSI

Ik sensitivity Dice ASSD

U-Net 0.793 4 £0.025 7 0.755 3 £0.020 3 20.05 +7.59
Attention U-Net  0.772 8 £0.031 0 0.756 6 +0.024 6 20.20 +9. 50

Nested U-Net 0.788 4 +0.022 2 0.758 0 0. 026 7 21.70 +10. 16

Auto-U-Net 0.787 3 +0.0389 0.753 7+0.037 5 21.10 £8.97
SS-U-Net 0.798 9 +£0.029 7 0.742 1 £0.029 9 19.40 +£5.55
HSDF-U-Net 0.8039 +0.044 0 0.803 1 +0.036 8 6.44 +2.80
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W 5 i, HSDF-U-Net 7F [ 2 B4 45 2 455k
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Table 5 Ablation experiment results on Dataset BUSI

Wik sensilivity Dice ASSD
U-Net 0.793 4 +£0.0257 0.755 3 +0.020 3 20.05 +7.59
SS-U-Net 0.798 9 £0.029 7 0.742 1 £0.029 9 19.40 £5.55
HS-U-Net 0.7914 £0.0350 0.756 9 £0.022919. 12 £11. 16
DF-U-Net 0.8371+0.0376 0.7855+0.0436 9.58 +4.27
HSDF-U-Net 0.8039+0.044 0 0.8031+0.0368 6.44 +2.80
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Table 6 Model size and computational complexity of
different medical image segmentation algorithms

PR Params/M FLOPs/G
U-Net 31.16 278. 66
Attention U-Net 31.95 281.99
Nested U-Net 37.40 713. 69
Auto-U-Net 93.48 836. 49
SS-U-Net 31.16 278. 66
HSDF-U-Net 62.72 966. 36
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