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Multi-path Semantic Segmentation Based on Edge Optimization and Global Modeling

CHEN Qiaosong' ,ZHANG Yu',PU Liu', TAN Chongchong® ,DENG Xin' , WANG Jin',SUN Kaiwei' and OUYANG Weihua'
1 Key Laboratory of Data Engineering and Visual Computing, School of Computer Science and Technology, Chongqing University of Posts and
Telecommunications, Chongqing 400065, China
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Abstract In the current semantic segmentation convolutional network, the spatial and detail information is gradually lost with the
deepening of the convolutional layer,resulting in inaccurate segmentation of boundary parts and small objects. Meanwhile, the lo-
cal feature capability of convolution restricts the network's ability to obtain effective global modeling, resulting in confusion of in-
ternal segmentation of objects. Aiming at these problems,a multi-path semantic segmentation algorithm based on edge optimiza-
tion and global modeling is designed. The algorithm proposes a multi-path adjacent dislocation fusion network. Four branches of
different resolutions are interlaced and fused adjacently. In order to reduce the loss of spatial information and detail information,
the detail information between the adjacent four different resolution paths is fused,and the semantic information is fused between
the tail of the high-resolution path and the header of the low-resolution path. The adaptive edge feature module is proposed to ob-
tain edge features which are integrated into the middle layer and depth supervision layer of the network to enhance the expressive
ability of edge features and the segmentation effect of small objects. The Transformer global feature module is proposed, which
uses different convolutions for downsampling operations to reduce the length of self-attention sequences and fuse channel infor-
mation and self-attention information to obtain effective high-level semantic global information. Experimental results show that

the mloU value on the CamVid test set reaches 76. 2% ,and the mloU value on the Cityscapes validation set reaches 79.1%.

Keywords Semantic segmentation, Multi-path, Edge optimization,Deep supervision,Global modeling
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Fig. 2 Adaptive edge feature module
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Table 2 Results on CamVid test set

Model mloU/%  Resolution Params
GCNE?J (Resnet101) 54.6 512X512  43.0X 108
RefineNet'?!) (Resnet101) 55.1 512X512  85.6X106
SegNet(VGG16) 55.6 360X480  29.7X105
DeeplLabV2(Resnet101) 61.6 360480 37.3%106
DFANet AF2% 64.7 720X 960 7.8%108
BiseNet(Resnet18) 68.7 720 X960 49.0x10°
Ours(MINet-S) 69.7 360x480  19.8x 106
BiSeNet V2 72.4 720X 960 65.5>106
Ours(MINet-M) 76.2 360x480  25.1x108

3.3 Cityscapes
1€ Cityscapes ¥ 85 45 b XF AR SC 2 5 36 #6417 % b 382 3E
Cityscapes YE AT #5825 38 37 5% 09 RS L 30 5% A ) 3k T

WA S SRR R = i B R, B3R AET 5000 3K A
A bR Y B R L2 000 3K KL BK A5 4 09 B4R A 30 K AR Y
LI 19 BT LA EMES . A 2975 5k 4R
EE R AT IR 500 sk UE S B B AT 8 E . A2
S5 Wi B ML R T R B R B B S IR e, Lok BGOSR B4
£, MRS B E W E BT A, % E R ST PR A % &
B MINet-M [ 2% 7691l 25 i} , Batch Size % 8 F 3. H AR &
H53%£1 -8,

A3 SR ] mIoU A Sy B0 1iE 52 30 A4 X Lo 1 68 34l 15 A » M-
Net-S B 2% Fil MINet-M B £ 7£ Cityscapes 50 95 £ 19 5 IE £
T HEATRIE , 5 A A B 4% HE AT R b S5 i 85 R 2k 3
B, IR R, AR LN mloU H L 79. 1% , Xt
Fb HG Al P 46 A T4 A G B AR L S B0 i D F At
W 4

2 3 Cityscapes % UF 4 1) 52 56 4%

Table 3 Results on Cityscapes validation set

Model mloU/ % Resolution Params
SegNet 56.0 640 X360 29.5% 108
Fast-SCNNL23] 68. 6 2048X1024  1,1X106
HRNetV2-W18-v1L24] 70.3 512X1024 1.5x10°
DFANet A 71.3 1024 X1024 7.8%X108
BiseNet(Resnet18) 74.8 20481024 49,0108
MDEQ-small[25] 75.1 2048X1024 7.8X%10°
SwiftNetRN18[26] 75.5 20481024 11.8x10°
RepMLPNet-D256L27] 76.2 2048X1024  78.5X108
PSPNet(Resnet 50) 76.5 1024X1024 46. 6108
Ours(MINet-S) 76.7 1024 X1024 19. 8108
MDEQ-large 77.8 2048X1024 53.0X 108
PSPNet(Resnetl01) 78.4 2048X1024 65.9X 108
DeepLabv3[28] (Resnet101) 78.5 2048X1024 78.5X 108
Ours(MINet-M) 79.1 1024 X1024 25.1X106

AR ICAE Cityscapes BUHE 4 (19 96 1E 48 1 4%t 48 — 2 Wik
mloU {H #F 17 %t b, 038 4 Jr 3, b i i G 0B ¥ 8 J 4
il o 25 A WR AR SO B X ANATIE AR R RE MRS AT L4
MR & AR E KEM AT EZONM mloU {8 41 i
F) 84.1%,92.4%,55.9%,58.0%,64.0%.,78.1%,78.3%,
83.5%,73.7%.,76.0%,76. 7%, H T MINet 1 £ %4535 41
LB RR R AE TR B T R E WA (5 B AEFM BB )
W 2 38N T 3 2045 B AR SCOT ER AT X AR I BT AR AN B
B 3 B HE A A B, B %8 K H BR 2 230 43 19 43 T AR B3l 58
W, BT TGFM BIRRIU T AR 2R B F S0E B A 30
LA X R R A IR EMAE S E R AR EAE &R0
A HEIBUR .

£ Cityscapes 5 48 (19 56 UF 45 L (9 56 0 45 S wn 18l 5 fiF
RS H AP 5 ) R IREL B 5(b) R B SRR L B 5 (o) A AR S
AR A . 25 R BN, A SCEE A MINet A 200 {7
BT A E B o BIROCR B R 58 8, 30 2 43 FIDRLES R4 9 38
TRV PR R . hF TGFM BLHA 2] T 4 80 &)=
fE B A R4 B 58 B e, @ 3 5 16 I 1 R A
S EICR AT . I AEFM BEHfE 3F T 0 2 5 o B sOR &
XA B AR R 43 G R S R SR A A X R Al K
LR LN 2SS 1 NP oG I 7 NI W o S VA QS
43 TR AL L 557 T
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# 4 Cityscapes B iIE £ b 45 28 L 50 45

Table 4 Results of each type of experiment on Cityscapes validation set

Model road s. walk build wall fence pole tlight t-sign veg terrain sky person rider car

truck bus train motor bike mloU

DABNet!29] 96.8 78.5 90.9 45.3 50.1 59.1 65.2 70.7 92.5 68.1 94.6 80.5 58.5 92.7 52.7 67.2 50.9 50.4 65.7 70.1

RefineNet 98.2 83.3 91.2 47.7 50.4 56.1 66.9 71.3 92.2
SwiftNetRN18  98.3 83.8 92.2 46.3 52.7 63.2 70.5 75.8 93.1
Ours(MINet-S)  98.0 84.1 92.4 55.9 58.0 64.0 69.1 78.1 92.4

70.3 94.7 80.8 63.2 94.5 64.5 76.0 64.2 62.2 69.9 73.6
70.3 95.4 84.0 64.5 95.2 63.8 77.9 71.9 61.5 73.6 75.5
64.7 94.6 81.5 59.4 94.9 78.3 83.5 73.7 59.4 76.0 76.7

[E 5 Cityscapes B iESE I 195> HIZCR

Fig.5 Segmentation effect on Cityscapes validation set

3.4 GHEAXTELSLIE

A SCff ] MINet-S B 2% 78 Camvid 2085 2 #ll Cityscapes
AR AT B R S0 TE L 50 . 7E Camvid B8 4 19 56
TESE A 4E | 56 UE 4 S B B i A5 20 L i mloU A1 PA
T bR AT A FI RO . AN 5 T4, MINet-Base S 748 3C 2
Y £ M AR AE S T M 4%, MINet g A SCE B 1 4%, 165
JF4ER B8 RO 8 T . MINet-Base 9 mIoU {8 A L 35 %
67.3% ,PA{EHTTLATAH]93. 9% . FEMIK4E 0 B ROE KT,
mloU {E AT LAIK 2 68. 4%, PA A LIILF] 93. 7%, & T
4% H it A AEFM B35, it A i1 2% 15 B, LA 33 i ) 2 % i
G5y B4 0 G T, DT 48 FH B A 4 B AR . H mloU M
ERUEE FRE T 0. 2% FMIKE LS T 0.6% ., H PA
HPERIESE FEEE T 0. 2%, fEMNR4E R38R W T0.3% ., TR
Fefl 1 A TGFM 5, 3 UA 01 & )5 1 F 30 & LR
T EDRE B . mloU {EAE S0 IF4E LR W T 0. 9%, 76 ik 4
FRET 0.7% ., H PAHFERIFAE & T 0. 1%, 7R
B RET 0.1% . & LR, EF X o F R A SCHE Y A
AR A O R AE T

#5 CamVid 5 iE5E A4 A BRI
Table 5 Performance comparison of each module on CamVid

validation set and test set

GRS 2 20)
mloU PA
Model
Val Test Val Test
MINet-Base 67.3 68.4 93.9 93.7
+AEFM 67.5 69.0 94.1 94. 0
+TGFM 68.4 69.7 94.2 94.1

# 6 Cityscapes JiiF £ | 25 B R BUXT H
Table 6 Performance comparison of each module on Cityscapes

validation set

AL 20)
Model mloU PA
MINet-Base 73.3 95.6
+ AEFM 75.4 95.8
+TGFM 76.7 95.9

TE Cityscapes 0% 4 19 56 3F £ | 56 3F 4% 4% B 19 A %%
PR B R IR G J7 20, i mIoU #6845 #1 PA 8 4R E 47
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T 7E CamVid 45 4 A1 Cityscapes $UHE 8 F 347 52586, AR 3¢
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