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W E RBEUBLIIRAEFILEABRAENEEZRY LLZBASH G T ARRKFE, L PB4 SegFormer M % 4L A
ATEAEFREYRBARAHESS, —FT B BRFFLBHEAALEEY X, FF L BT AL AT R HIEE
BB R 5% —% @, RN EHF T o5 KBTI GAEER N THRA LD ZED GAF e B R R R, 5F8 AW A 30 F 69 AL &
T A B ok Am ikl dkik B R N E . 5 FCN,UNet 2 DeeplabV3 #93f b o 25 R R 9 G B A AL & F 2 B H 15
4 b0y KRR AE F5 AR 3D A &AL .mloU. Ace, DSC #= Kappa 2 %1 4 81.32%.96.22%.88. 91% A= 77.85% . S RE £,
GEAERRAARFSRBRBEETRIABT RSk,

FE 8447 . SegFormer; B 1% 5 2] ; # # %1% ; Transformer

HEESES TP391

Ultrasonic Image Segmentation Based on SegFormer

YANG Jingyi' , LI Fang'? ,KANG Xiaodong' , WANG Xiaotian' ,LIU Hanging' and HAN Junling'
1 School of Medical Image, Tianjin Medical University, Tianjin 300202, China

2 Beijing Chemical Occupational Disease Control Hospital, Beijing 100093, China

Abstract Ultrasonic image segmentation is not only an important part of medical image processing,but also a common technical
means of clinical diagnosis. In this paper,the SegFormer network model is proposed to realize the accurate segmentation of medi-
cal ultrasound images. On the one hand, the ultrasonic label image is transformed into a single channel and processed by binariza-
tion to complete the preprocessing of the data set image;on the other hand,the pre-training model is loaded into the pre-training
model to fine-tune the trained model parameters,and a random gradient descent optimizer with momentum is selected to accelerate
the convergence speed and reduce the oscillation. Experimental results show that,compared with FCN,UNet and DeeplLabV3,all
the evaluation indexes of the proposed model are the best in the breast nodule ultrasound image data set,and the evaluation inde-
xes of mIoU, Acc,DSC and Kappa is 81. 32%,96. 22% ,88. 91% and 77. 85% respectively. The experimental results also show
that the model is robust in different ultrasonic image data sets.

Keywords SegFormer,Image segmentation, Ultrasonic image, Transformer
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AT 30 R o3 ) AR R B A AR ot oy T, shick %M R-CNN R F bk EL 4535 il 5 e 2 &, i

H /I 8 75 5 AR R 4 80 7 SR BT 20 R W A, 43 ) g2 3 F U 7k T B R AE 5 B DR B R R AR
TG WA AR B ) k5 3 T IR B 2% 2] 18 75 548 0 [ 2015 4F, Long 2500 i th T uh g ik B Z 3B £ 4%
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Fig.1 Architecture of Transformer
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Table 1 Comparative results of different algorithms
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FCN 77.40 95.22 86. 16 72.32
UNet 71.11 93.88 81.08 62.26
DeepLabV3 79.21 96.12 87.42 74.85
SegFormer 81.23 96. 22 88.91 77.85
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Fig. 4 Ultrasonic case segmentation images of breast nodules

under different algorithms
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Table 2 Segmentation results of different data sets
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Fig.5 Ultrasonic case segmentation images of different data sets
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