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Image Segmentation Algorithm Based on Dual-branch Fusion Attention Mechanism

LI Shao-Hua', YU Jun-Yang', ZHENG Ke*, ZHAI Rui'

'(School of Software, Henan University, Kaifeng 475004, China) ,
%(School of Economics, Henan University, Kaifeng 475004, China)

Abstract: DeepLabV3+ ignores the loss of part of detail information due to the importance of features at different scales
in the feature extraction stage, which results in imprecise image segmentation. In response, this study proposes an
improved algorithm integrating dual-branch feature extraction and attention mechanism. The feature map extracted by the
ResNet101 backbone network is used as the input feature of the attention mechanism, which solves the problems of
network degradation and gradient disappearancesand also captures the image details ignored by DeepLabV3+. The dual-
branch feature extraction mecha}nism‘exi)ands the feature extraction capability and refines the image edge information to
optimize the uneven attention of the network to features at different scales. At the same time, the CE loss function and the
Dice loss function are jointly used to reduce the influence of background by focusing on foreground samples and improve
segmentation accuracy. The experimental results show that the mean intersection over union (M/oU) of the improved
algorithm on the PASCAL VOC 2012 and CityScapes datasets reaches 79.92% and 68.59%, respectively. Compared with
the classical algorithm and other improved algorithms based on DeepLabV3+, the proposed algorithm obtains a better
segmentation effect.
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MloU 622 77.69 78.78 79.92

(b) Labeled

(a) Original (c) DeepLabV3+ (d) Ours
Kl 9 5 DeepLabV3+7E VOC 5 iE4E _F (1%} bh 25 K
3.3 CityScapes #{iE&

CityScapes #4E & A3k soW AR £, V4B G A
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A ALK DeepLabV3+15 AL HILAE CityScapes
Kol SR K EERCR BB TR U BL, W&l 10 s, 3
HF Original 75 J5 &, Labeled AA5r2s B, AR B Fbros
Al LE H, A SCEE L DeepLabV3+4 #1159 5 YIS,
FUGIER 7 AT AT M 54 2.

(b) Labeled (c) DeepLabV3+ (d) Ours

(a) Original

Bl 10 5 DeepLabV3+7E CityScapes KriF£E LK)
X Lhgh SR

3.4 HRRSEIE

R T BRAIE S T B B LR AR5 SRR B [
W AE RAFAE FH, A SCHAE VOC Bia 42 AT CityScapes %1
PEgE BT Ak SLG, ingk 4 F1F% 5 pioR, Hib Params
PP BT R R Y A AR AR, B S 4R, Y
S HEANE R S 400 5, 518 BIEETTR,
Kl Z AR bR AE VOC dfs S A CityScapes ##i 4k b3
PL—3.
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K4 VOC AL R R SR 45 R

VER P X552 Params (G) MloU (%) FWIoU (%) MPA (%)

— — 41.28 78.78 90.13 87.85
J — 42.40 78.89 90.22 87.17
— y 41.92 79.10 90.31 88.41
J y 41.60 79.92 90.73 88.58

# 5 CityScapes $4 42 1) 78 Al S 56 45 1

FERIVLH X532 Params (G) MloU (%) FWIoU (%) MPA (%)

— — 41.28 67.94 92.11 75.99
\ — 42.40 68.35 92.24 76.00
— v 41.92 68.37 92.46 76.26
S v 41.60 68.59 92.65 77.44

WK 4 fiw, 75 VOC Bl 5 1 R e & 0L
#l, MIoU. FWIoU Fl MPA 43 5 #2F+ 0.11%-+ 0.09%
F10.32%, J& T IEH R 20, o] DAt = I HLE] f A&
RIEAER. KA SCRHESE I, MIoU FWloU Fll
MPA 5y HHRTF 0.32%. 0.18% Al 0:56%, A Ayl & 12
Ft, TR SR T SRR, e IRECRI S 5 R
1 51 st A S AU AR 53 32, MIoU. FWIoU Al
MPA 5y BHRTF 1.14%. 0.6% F1 0.73%. 3% & M
R IV GRS HCE N, W% SRR e
e, MIIANRIGY 32 S5, REAESE 2y 32 B8 T, & AR AZ Xt
WA T B TR R AL R A B LD S 8,
(CRE-WALIN IV &8 74 & SEET PR = WAL IN ik 2hi0]
1x1 R RERE KT EE SR YE, 15D Doy =AM S R
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FTIHLE], MIoU+ FWIoU Fl MPA 43 3 $2 %& 0.41%-
0.13% F1 0.01%, RN 5 SCFRAESEEL, MIoU.
FWIoU F1 MPA 433 #2755 0.43%. 0.35% F1 0.27%. i
[ B 0 N 3 73 AL ) R 4 S AR SR B, MTo U

FWIoU Fl MPA 53 514275 0.65%-+ 0.54% 1 1.45%, /"

ANTHRSRIR R B, KA T R AL A 3 S [E A AR
A REFRTH 3 HIRCR. y "

s
X

4 digHREE
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A LTI LU T, I 2 A 73 FIRCR.
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