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Abstract: To address the issues of information loss during down-sampling and the insufficient extraction of
the multi-scale local semantic information caused by the fixed-size convolutional kernels when applying a
U-Net-based method to realize medical image segmentation, a dynamically receptive field network (DRFN)
is proposed. Firstly, the network enhances the reducibility of the semantic information during decoding
process by introducing the feature progressively cascaded integration (FPCI) module to extract multi-scale
local semantic features from the encoder and assigns these features to the decoder. On this basis, the local
vision adjustment (LVVA) module is designed to strengthen the ability of the fixed-size convolution kernel to
obtain contextual semantic information in a large receptive field. The experimental results on the 1SIC2018
and BUSI cancer image segmentation datasets show that the loU score of the proposed method reaches
83.92+0.26 and 70.45+1.70 while the Dice score reaches 91.09+0.23 and 83.39+1.15, which outperforms the
state-of-the-art medical image segmentation methods.
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TransU-Net! 105.32M 246 80.51+0.85 88.91+0.79 66.92+0.87 79.30+0.61
UNeXtf? 1.47M 25 81.70+1.24 89.70+0.98 66.95+1.10 79.37£0.75
DRFN 1.67M 33 83.92+0.26 91.09+0.23 70.45+1.70 83.39+1.15

. R FR A,
Fz2 TREBEHRE2HNEEELWIBIRRAAUREER
g AR U-Nett U-Net++2!  ResU-NetP?  MedTP®  TransU-Net™  UNeXt?! DRFN

ISIC
2018

*

3.3.2 BUSI ¥4

BUSI $4#i4E i oy PR B AR K EE R . 5
ISIC 2018 %i#iEAH 1, BUSI $di 4 40 & iie X5
BERAMAFER, ok, LIRS E SR, FLR
Jegs DX 3R ) BBl AE 7 X XA N A b, i AR, 5
ISIC 2018 $udE A He, BUSI %k 554716 U 2R ds
B R HRRAC . S5, B K E Pk
. P, JCie loU 4545 F1 Dice #5845, % BUSI %k
PRI 1SIC 2018 ik 9%, DRFN
TR IE 0 44 H FPCI BIH R HUAS [R] RUBE 9 JRy s 1 X
HE, IR S s e i b, TR T
U-Net F 4 fiE 77, FPCIFEHLFI LVA B FE1E 7543
FIF R B IR SR A A G AR B, 35 4
TR U-Net (I IRFEL Aoy BIRE 1. AR 1 7]
LI 11, DRFN 7E loU 545 #1 Dice f5#m L 213k45 T
WEMNET. NE 2 iTLIEH, DRFN FAITE R
G A T R BUTE Y, 43030 558 i b

TransU-Net #iAI S &, e H 2 BR, 1
DRFN A5 | 2 — > S HL 4% 5 Ak 143 1 5 g 1 48
BN F 1 A LIF H, DRFN #ERLE) K/ N T
TransU-Net #5580 K /NG 2%, 2 5 Bt B S bR 1
A A e 5 3T U-Net 19 gk 7 15 4
v, DRFN 7R A5 50 Ml A AR A% 0 42 2% B ) [] B
PETL TR 4> FIHOCR, B R T S IR 2 )
ARAETHSEHLEH B B Y7 5 53 B 400888 1 1
3.4 HRMSCIG

J T BRAIEAS SCHR H Y FPCIAR BRI LVA K55 54
ARG IE SUAE B e 1 S H T S 4 50 i 7R
FE 2 B4R AT I Ml S Es. DL U-Net JEAS 2%
BRR Ry B, iz REAR SO B Y O )2 SO R E &
RSFHEATI A, B63IE FPCI AR H AT LVA R 43
SR . VA AR S 8 4 Ry 0 B 37 AN [
TR AZ B R LB T L, 4R TS B R B EG Jm  o
MAFEMRES), Wk 3 R, nJLUE 1, LVA fR
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%36 &

AERS 2 b T U-Net i 2 BL; FPCI A B i 18 18
T8 7F 2 00 S IR [ e RS 4 B RS2 BF R
REA SO /> U-Net 25 it f i ad 72 i A BUAY
FJ%. 78 BUSI BiE4E |-, DRFN BRI 10U 42 FH5%
Rfhy. SCIEE R, 76 LVA I FPCI #d iy 4t
[FfE T, DREN BT AL REAZ HE 1A 70 2 FIHUR,
11T X 52 2% PRERE 7 1) 42 THRICR A0

% 3 DRFN #8 £ B3 0B R 2 xS e

- ISIC 2018 ¥tk BUSI %ifiidk
loU Dice 2%k loU  Dice R
U-Net 74.32+1.04 83.98+0.89 63.60+1.15 75.95+0.95
U-Net+LVA 83.26+£0.58 90.71+0.34 69.07+0.53 81.11+0.30
U-Net+FPCI 82.92+0.72 90.34+0.69 70.10+0.75 81.95+0.74

U-Net+LVA+FPCI 83.92+0.26 91.09+0.23 70.45+1.70 83.39£1.15

4 &

EFXFEEF U-Net M7 IEAETE R T REE B BLAS
JE AN [ 2 R 48 Bt K i 22 RUBE J=) 3 i
S BRI B )8, ASCHEH —Fh DRFN 5
ﬂ.é%%ﬁFNﬂﬁ&,ﬁﬂﬁm%zﬁﬁﬁ%

SRR I8 HL A 45 i 4, S i T SR AR B Bt
HMM%%,MFWLwam& SHBUROE T4

A7 - B8 T 2 5 /44 i 11 o ROSE B U, $R I
M%LTI%xmum B, LA R R,
DRFN HIAYAE F2 i I e KR o 5 LU T o & 42
Tt B FESEGMISE, REEE R, KK
AW KISR0 T B 7 U 43 1 ) A A 52
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