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REESES TP391.1

Medical Microscopic Image Segmentation Model Based on CNN Structure and Swin Transformer

SUN Kaixin, LIU Bin and SU Shuguang

School of Software Engineer, Huazhong University of Science and Technology, Wuhan 430074 , China
Abstract Medical microscopic image segmentation has important application value in clinical diagnosis and pathological analysis.
However,due to the complex visual features such as shape, texture,and size of microscopic images,accurate segmentation of these
images is a challenging task. In this paper,we propose a new segmentation model called UMSTC. which is based on a U-shaped
structure and combines the U-Net model and Swin Transformer model to balance the details and macro features of images while
maintaining modeling integrity. Specifically, the down-sampling part of the UMSTC model uses the Swin Transformer network to
optimize its inherent attention mechanism for extracting micro and macro features, while the up-sampling part is based on a CNN
network’s deconvolution operation and uses a residual mechanism to receive and fuse feature maps from the down-sampling stage
to reduce image synthesis accuracy loss. Experimental results show that the proposed UMSTC segmentation model has better
segmentation performance than current mainstream medical image semantic segmentation models, with mPA and mloU increases
by approximately 3% ~ 5% and 3% ~8% ,respectively,and the segmentation results have higher subjective visual quality and fe-

wer artifacts. Therefore,the UMSTC model has broad application prospects in the field of medical microscopic image segmenta-

tion.

Keywords Microscopic image segmentation,Swin Transformer, CNN, Attention mechanism,Residual network
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Table 1 Experimentenvironment
BIERGL Ubuntu 18. 04
CPU Intel(R) Core( TM)i7-8700K CPU @3. 70 GHz
GPU GeFore RTX 3090 24 GB
n# 2X16 GB

FR T AR
At A

Python 3. 7+ ,Pytorchl. 11. 0,CUDA 11. 1

Numpy,Opencv, Logging

Mechanism of residual connection with residual module
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Table 2 Samples of test image set

PRES R

FRE(EA)

FapE i

ais L t"’ ol % g :

4.3 FtLERWFAERDH

BRI G5 R A A Rl o0 R 3 0 2 00 B N AT b R RE
A B 5200 5K, HiA 5000 5k 2L 8 =2 Ay L R 43k I 4k 4R
FEIELE LAY F 200 skAE AR AR I 2R 48 ¥R 300 % Cepoch)
K SGD Ak #8 34T AL E 24 3, FH I 35 50 A5 W0 fh AL A A 5
B, WIR2E SRR 0,001,545 100 #8524 2T M 0.0001,

IR A 50 fo2f 2] Bk BRI B9 1/10. 53 4 momentum
M 0.9, weight decay >N 1075,

K8 gyl Tl grad e rp 4 R my 8 f i 2, SE B &5 2R %
A YN i 2 0 B k4 % %) 728 46 i FAORE [) 25 18 26 X /DN
X 3R WA RS YN hoid 72 op B B4 g LA M B i Sl LG

1) 1% 1

50
train
val

Loss

0 50 100 150 200 250 300
Epoch

Kl 8 UMSTC BB ZRa AL Al h £k
Fig. 8
F 37 T UMSTC # 7Y 5 H Ath 32 3 43 1) 45 7Y (@ﬁ
FCN.,U-Net.,Resnet50, Resnet101, TransUnet 55 ) X} iz # % {
PEHN A 0 R A R 2 B G IR X L. IR RS O A
FEZIE I A label 51 g B 54 R 19 BB AR U label $0HE
H A 45 HIE AN ] o BB 1 53 FIRCR , “ UMSTC 81 A 3B
frE"J UMSTC #A ) 43 RO . LI 45 3 R W], UMSTC #
R o R AR B B AL T AR, Sy W R 3h g S HAE
PRI WD,

Loss curve of training of UMSTC model

# 3 UMSTC 5 3 i 7 FI A 501 3 00 73 1 200 R

Table 3 Experiment results of UMSTC and main segmentation models
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Table 4  Objective experiment results of UMSTC and main segmentation models

A 4 mPA/ % mloU/ % mDice/ % Img-size Params FLOPs
FCN 75.98 66. 45 74, 90 224X224  32.9X108  26.6x10°
U-Net 80. 23 68.78 79.18 224X 224 31108 41.9%107
nnU-net 84.62 75.75 81.50 224 X224 32108 42.3x107
DeepLab(Resnet50) 79.45 70. 90 78.34 224X224  39.6x105  31.4x10°
DeepLab(Resnet101) 81.67 78.10 80. 10 224X224  58.6X105  46.3x10°
TransUnet 83. 23 73.40 81. 60 224X224  61.2X105  25.6x10°
TransFuse 84.10 74. 30 81. 30 224 X224 72108 31.2x10°
UMSTC(A X #% ) 85.12 76. 50 82.50 224 X224 59.8x 105  12.4x107

JR A UMSTC #5281 1 32 043 T 580 28 2 WL 4 80 25 S 1 6
Hoft 32 2 SRR A L H R 3 R, UMSTC BB 5 8%
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Table 5 Comparison and ablation experiment of feature map
processing methods
CHLAL 2 20)
FEAE B AL IR ok mPA mloU mDice
Tokens To Tokens 85.12 76.5 82.5
Reshape 84. 89 75.3 81.0
AR 4 AE AL 32 83.6 74.2 80.9
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Table 6 Comparison and ablation experiment of encoding and

decoding connection methods
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% R J§ 3% # B 3% 4 (Res Block) 85.12 76.5 82.5
% # 3 % # (Res Block) 82.59 73.6 78.0
% REH#E%H 83. 80 73.9 80. 6
B 80. 99 69.8 74.2
% R vE & AL % & # (Attention) 84.70 75.9 81.6
7 & J HL# % # (Attention) 81. 90 74.1 78.9
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