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Real-time semantic segmentation network based on
multi-branch structure and attention mechanism

ZENG Yonghuang, ZHANG Sunjie

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200093, China)

Abstract: To address the problem of limited receptive fields in current real —time semantic segmentation methods leading to
inaccurate segmentation of large objects and loss of detail information, this paper proposes a real —time semantic segmentation
algorithm based on multi—branch structure and attention mechanism. First of all, design detail path of multiple branch structures to
preserve multi—scale detail information and reduces the loss of small target details; Secondly, design the atrous pyramid branch to
expand the receptive field and cover large targets within the field—of-view, thereby enriching context information; Finally, design a
bilateral attention feature fusion module to enhance the selection of key channels during feature fusion and compensate for the missing
of small target information. Experimental results on Cityscapes test set and CamVid test set show that the mean Intersection over
Union (mlolU) of the proposed model is 74.6% and 73.6% , Frames Per Second ( FPS) is 94 and 74. In comparison with BiSeNet,
mloU of the proposed model is increased by 6.2 and 8.0 percentage points respectively. Experimental results show that the algorithm
proposed in this paper has achieved a good balance between real-time performance and accuracy.
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Fig. 1 Overall network architecture diagram
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Table 1 Outputs of STDC each layer

stage ﬁﬁu‘lﬁﬁlﬁﬁ ﬁﬁudjﬁiﬁ%_
A 3 512x512
stage 1 64 256x256
stage 2 256 128x128
stage 3 512 64x64
stage 4 1024 32x32
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Fig. 2 Atrous pyramid pooling module
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F. = Conv(Concat(F,,F,)) (D)
0, = Sigmoid( Conv(Avg(F.))) (2)
0, = Sigmoid( Conv(Max(F.))) (3)

F.=F.+0F,+0,F, (4)
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Table 2 Performance comparison of different backbone networks

Backbone Z 4/ MB MIoU/ % THE/FPS

Xceptin39 5.8 65.60 175

ResNet18 49.0 68.70 116
STDC1 13.8 72.08 125
STDC2 21.8 72.32 114

S T WA SO B P B, X 45 BB EAT T X
s u, RS 8 & (MB) ., mloU(%) #13# &
(FPS) JadHrbmifl 45t i 4 A0 IR A6 HE 4730 il
SC RE A PR R B, SR A LR 3, K
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R ALEE T 40T #8455 (detail path, DP) |25 474
FEH ( Atrous pyramid pooling module, APPM ) FI XL/

& 1 FF AR Bl A B B ( Bilateral attention feature
fusion module , BAFM) ,
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Table 3 Ablation experimental results of different modules

Backbone DP APPM BAFM 280/ MB MioU/ % HEE/FPS

Xceptin39 5.8 65.60 175
STDC1 13.8 72.08 125
STDCI VvV 14.2 72.23 114
STDC1 2 2 21.5 73.04 95
STDC1 Vv v vV 22.1 73.28 86
STDC2 \ v vV 28.6 73.64 74

T SEAR IR IR ) JRE MR R R SR B T 45y
ResNet18 [ BiSeNet [ 4%, 55 fiF Bef AN 2 4% 356 off: A5 721
A B R 2854 | 2R L STDC T AR S A SO A9 20 45
BEAR 0B T P28 A0 LS, 5% 2R FH BiSeNet £
R SEAGE R | R e i SRR AR v 1 1 I 275 51
72.08% RS BE A 125 Mil/s AYTHJE | SR 5 78 b 36 Atk
B dn Ty iR (0 R B T 43 B 5 BRI 2 00 S 454
FEW/ D SR R B SR 2 ROBE (R B, IR 25 1)
TE R AR AN B AR A A R AN 5 B 53 72.
23% NG RN 114 Wi/s, o3RG BE A —E 3Tt i
Je TEIE SUHEAR ) B J B B 5 | A a1 2 W) 4 35 A
e, LIRS R Y 837 B fn 22 ROEE AR L, 4R THAR AR X}
4 A5 AR I, 153 73.04% A5 2R 95 Mi/s 1Y
W, %, 9 ARG R e A A 48t
BRI SCHAE B AR AL G, S5 15 3 73.28% MG
JEN 86 MiT/s AR BE . Wi SRR AR 11 32 1 0 45 85 46
B STDC2 5 3] 73.64% 1) 4% B F 74 Wi/s 03 &,
RS FERH AR SCHE 1 T AT R X A TR K A 4y
FIRS B — 2 14Tt

R UEARE HY (G O B, 7E CamVid 2> I8 4 4
g B o EORS MR BRI A
KGR 720x960 , 76 M4 1 345 2] 43 FkS B 1
HEREE B R 05 v R B vk 0 L 4 R L%
4, MR, A AR SERT B L ALFE SegNet'
DeepLab,PSPNet[m A ST AR5 AL
ENet, ICNet'" | BiSeNet, BiSeNetv2' "' STDC, S* -
FPN, 277 %78 CamVid P4 755 73.6% HY
R BE RN 74 Wi/ I 4 BB BE | 7 0 HIRG BE R B I
DT AR SEm i, I HAE SERHE 451071 A
TR B 5> BIROR | L FEE M 45 BiSeNet #2711
8% - 4523 1L, 1 BiSeNetV2 #2711 1.2% 1 F- 14

S, P, X H At AR R G SN SO R
AR SCRERAE DRAIE R RS B2 A BT 3 T AT K B 1 S 24
R SEBIR G LA E 2 1] F -

*4 FEEEFE CamVid ik &£ HXF EE 547

Table 4 Comparative analysis of different algorithms in CamVid

test set
Model Backbone Speed/ FPS mloU/ %
SegNet VGG16 16.7 55.6
Deeplab ResNet50 4.9 61.6
PSPNet ResNet50 5.4 69.1
ENet No 61.2 51.3
ICNet PSPNet50 27.8 67.1
BiSeNet1 Xception39 175.0 65.6
BiSeNet2 ResNet18 116.0 68.7
S?-FPN18 ResNet18 124.2 69.5
S2-FPN34 ResNet34 107.2 71.0
BiSeNetv2 No 124.5 72.4
STDC1-Seg STDC1 197.0 73.0
Ours STDC1 86.0 73.2
Ours STDC2 74.0 73.6

2.4 Cityscapes B{IEELWER

VAR S SCAr Rz AT RE 3 FIAS
[RI3RTT 7 10 2 Bl R £ S, AR SCHE Cityscapes 3
T s 4 Bk T T A CSCES, Cityscapes 233
BT — AT 50 AN R TT 18 78 30k T A
EG GBS, ¥ T I LB SF,
ZBEER AL T 5 000 K 4 b i 19 ] 15 120 000
WAL B T Y PRI, 20 A 1 024%2 048, 1EASSC
Hh U A RS AR T A RGO AT S 50, 15 2 975
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2048, B AHEHEA RO M BERTAE K 1 0241 024 3
TFUIZ, SR JF7E I S P S 14 5 8 5006
ST A BRI . A SR A V0 SR
2 5, TRRET W SE I AR SEIN RO 1 SUAr BB, ¢
SCHRA L REME I % BiseNet 1540 SIS HE P FE I
1712 HETY 135 74.6% 145 BURSHER 94 W/ 1
I

R 5 AEEELE Cityscapes ik &= B3tk 547

Table 5 Comparative analysis of different algorithms in Cityscapes

(OF NG

(c) ENet

(d) BiSeNet

(e) AL

B 6 Cityscapes #{I5&E FHIRTILER

Fig. 6 Visualization results of the Cityscapes dataset

test set
Model Backbone Speed/ FPS mloU /%
SegNet VGG16 17.00 57.0
DeepLab VGG16 0.25 63.1
PSPNet ResNet101 0.78 81.2
ENet No 135.40 58.3
ICNet PSPNet50 30.30 69.5
DABNet No 104.00 70.1
LEDNet No 71.00 70.6
BiSeNetl Xception 105.80 68.4
BiSeNetv2 No 156.00 72.6
STDC-Seg50 STDC1 250.40 71.9
Ours STDC1 106.00 73.8
Ours STDC2 94.00 74.6

% 6 Cityscapes it & &N LB AETHZE
Table 6 Accuracy for each category on the Cityscapes test dataset

Kl 6 AR SOkt b S o8 7 TR
ATAARZE R, HE 6 B 1 ZIEIMER AT LLE 53
b 5 AR L, AR SOy 2 % 38 B b (R4 AT DAAR i M
H o EI R 56 2 SR AR SO TR — S A A
N FFEELR/INE RN R ) H bR 2 50 45 A 5 68 1) 43
FIROR 56 3 I EIGRH  6 T 240 0 B EAR S 5]
5 BT, AR SOk AT LA RS b R G R (L S )
FETI, SEWE AR AR iy ik B A
75 W Lo EI e 1 A2 K e

# 6 N SegNet , BiSeNet , DABNet LA M A% SC7E
Cityscapes WA | 19 Fr2EM4E R, rbrak 6 ]
A AR T BiSeNet, 48 SCHE fir A 43 25 A 1 A
PORPNIER G AR AR BRI LR ]
i, FEIAS SCHR 9 T 2 1 I o 1 RSz Y 5 i EL X
/N B AR INAT ASE AR5 AT S 4 s A HIA
FEFR L LR I

53 #1251 SegNet BiSeNet DABNet FN>'e
SRS 96.4 96.4 96.8 97.2
NATiHE 73.2 71.2 78.5 80.3
A 84.0 89.8 90.9 91.5
% 28.4 46.5 45.3 54.1
M 29.0 49.1 50.1 58.8
i 35.7 43.4 59.1 60.2
{5947 39.8 58.3 65.2 69.7
EFN 45.1 66.1 70.7 76.1
FEHE 87.1 90.6 92.5 92.3
HIE 63.8 61.2 68.1 62.4
Ras 91.8 92.3 94.6 93.8
A 62.8 75.8 80.5 78.2
B T 42.8 57.5 58.5 60.7
R 89.3 92.1 92.7 92.5
4 38.1 52.9 52.7 65.1
N 43.1 70.5 67.2 78.9
P 44.1 61.7 50.9 75.2
JEFESE 35.8 54.2 50.4 59.7
SEES 51.9 65.3 65.7 71.3
14 mloU 57.0 68.4 70.1 74.6
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