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Real-time semantic segmentation algorithm for complex urban street scenes

Zhao Zhixing Hu Junfeng

(College of Computer Science and Control Engineering, Northeast Forestry University, Harbin 150040, China)

Abstract: Real-time high-precision segmentation of complex urban street scenes is crucial for autonomous driving.
Aiming at the problems that existing real-time semantic segmentation networks have insufficient capture of spatial
information and detailed features in high-resolution branches, as well as inefficient fusion of high and low-resolution
features leading to information loss, which restricts the improvement of segmentation accuracy, this paper proposes a
real-time semantic segmentation network based on multi-scale partial dilated convolution and boundary collaborative
dual attention guided fusion ( MPDANet). First, a Multi-Scale Partial Dilated Convolution Module ( MSPDC) is
designed. By using partial dilated convolutions with parallel ladder-type dilation rates, it efficiently captures detailed
features andspatial information of high-resolution branches from different scales, addressing the problem of insufficient
information capture. Second, an Attention-Guided Feature Pyramid Module (AFPM) is constructed. It extracts multi-
scale semantic information from low-resolution branches through an asymmetric pooling layer and further enhances the
semantic information by combining a pixel attention mechanism. Finally, a Boundary Collaborative Dual Attention
Fusion Module (BCDAF) is proposed. It screens key semantic and spatial information through parallel channel-spatial
attention, suppresses information loss caused by cross-resolution feature fusion, and introduces boundary attention to
improve the segmentation effect of target boundaries. On the Cityscapes validation set, the proposed network achieves
78.6% mloU at a speed of 295 fps; on the CamVid test set, it achieves 77.4% mloU at a speed of 454 fps.
Experimental results show that the network proposed in this paper achieves high-precision segmentation of complex
urban street scenes while maintaining real-time performance.

Keywords: real-time semantic segmentation;attention mechanism;partial dilated convolution;feature fusion
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Fig. 1 Real-time semantic segmentation network with multi-scale partial dilated convolution and boundary collaborative

dual-attention guided fusion
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Fig. 2 Multi-scale partial dilated convolution
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Fig. 4 Boundary collaborative dual-attention guided fusion module
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BCDAF (D)l BCDAF(2), SR WNE 3 Pin BT
i FH S 2 M 9 ) B SRR AE T i I B B Y R AT R
HEAT A o A 2 R AE L IR B S BORS B R R, X R
TR T Hp i) F T 6 1 A0 Y R A R s ) S 2, R i)
T RGO IF H 23 5 — 4 MSPDC 5 B 42 B 40 45 J5 ffi
JH BCDAF(2) HEAT RGP 460KG B W 4R T, A4 R %

WA R T HE— 2 00 I AFPM B He 70 H Al 45 1F 45 7 2%
R B R L 7E Cityscapes 304l 81 & T X4 L SL 86, 4
B REAR M 2 45 i AN A5 n 3k 5 BT /R, # ' DAPPM &
DDRNet [ 45 Ik 48 BUIE 43 B 26 0F AR B 09 FRIE & 7 35
T A AN [ PR A% A 2 ofe B IBUAS (R RUBE 1 i AR R, I HL
TE B R KAZ AR 0 Sk T — 25 AR BUE UAE B R E
Zi BT HE AL, T PAPPM S PIDNet M 45
o 42 BUIS 43 B 3 08 SUAR BN R 1E 4 7 35 10 Hu i o
DAPPM [ RAZ 55 H2 Jr 280 o T A7 4 4%, JF WA 38 09 Oy
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xS AEABTEFEE RN
Table 5 The impact of different feature pyramids on

algorithm performance

Tk mloU/ % FPS
AFPM 78.6 295
DAPPM 78.2 303
PAPPM 77.9 307
MSPA 78. 4 279

2.5 HHMSEBRTFHRTHRNEEHFESFT

Ry I I % B M AR SCHE AR TR T8 T 5 3 4 o 4%
AT T X sE S . ELRSHAE Cityscapes S iE&E F it 0 & 7
BOM ARG IR T8, b S BB FR A 3 X 3.5 X5.7X 7 43
SRR T R R L op R RO R R SEM . O B R Rk
FER 1.5 % s B R BT MG RO IOk 9 0.5 f5 A IOk
B,

A3 AE LR TP BT MR 4 19 mIoU, HAA 1 4%
JRNEE 6 R B AE T MPDANet W 2% 78 35 52 T L 3R 48
A RIFMEHENE, ARG T e %
TR 45 . B m 0] o e BE DR 09 T4 5 B LS

®6 AEFTHEBMEZMERENZM
Table 6 The impact of different interference types on

algorithm performance

TR LML A mloU/% MPDANet () mloU/ %
Tk 77.1 78.6
B R 77.0 78. 4
Hh RO 76.5 77.8
151 B AR 75.9 76. 2
G 72.6 75.2
I 3 74.2 76. 2

28 I 245 T 1R 0 HE R B
2.6 A EEETE Cityscapes #iE&E FHIXTLE

AIRUE MPDANet AT R0, A SCHE Cityscapes 28 HE
86 by DA EIE B AN 43 0 R X S T I, - s A R
LT W F AT e . 45 0 L, &1 X 38 = 4E & R i F o
FNRIRY AR 7R ST 2 90 4 44 R 2647 353 90 F B £ Lh 4R S
WA EE, SCIGSERANE 7 TR A H T4 Y R 4%
BiSeNetV2 Fl HyperSeg-S', MPDANet [ £ i 43 %1 K5 i
A E 3. 9% 1 0. 3% mloU, B4k AFFormer W45 )4
WERE SAR 25 A0 22 R KBz F A H 5] AT Transformer
FECLAEVERE IR 00 T 5 3R T I AT T AR I 4% 1
B, AT I LA AL 75 B R MPDANet 76 3048 | L3k
T 78. 4% ) mloU i F PIDNet-S Al DDRNet-23-Slim
{UAE F PIDNet-M #l DDRNet-23 {H 41 [t 3% P54 W 4%
MPDAN et {4 #E 2 2 B 4331 &5 4 175 fps H1 138 fps. RIS

R 7 AEEETE Cityscapes B IE&E FHIFTLL 4 47

Table 7 Comparative analysis of different algorithms on the Cityscapes dataset

. N I ) mloU/ %

IR LN GE O S ¥k /MB GPU T TR FPS
ICNet 2 048X1 024 26. 50 TitanX — 69.5 30.0
BiSeNet 1 536 X786 5. 80 GTX1080T1 69.0 68. 4 105
BiSeNetV2 1 024X512 — GTX1080T1 73.4 72.6 156
HyperSeg-S 1 536 X786 10. 20 RTX 1080Ti 78.2 78.1 16. 2
STDC1-Seg75 1 536 X786 14. 20 GTX 1080Ti 75.8 75.3 126
STDC2-Seg75 1 536 X786 22.20 GTX 1080Ti 77.0 76. 8 97
RTFormer-S 2 048X1 024 4. 80 RTX 2080Ti 76.3 75.4 110
AFFormer-base 2 048 X1 024 3.00 V100 78.7 — 22
ELANet 1024X512 0.76 RTX 4090 75.6 75.4 298
LCNet 1024 X512 0.51 RTX 4090 73.0 73.3 431
PIDNet-S 2 048X1 024 7.60 RTX 4090 78.4 78.2 307
PIDNet-M 2 048 X1 024 34. 40 RTX 4090 80. 1 80. 1 120
DDRNet-23-Slim 2 048X1 024 5. 71 RTX 4090 77.1 77.2 393
DDRNet-23 2 048 X1 024 20.10 RTX 4090 79.2 79.4 157
MPDANet 2 048X1 024 8. 05 RTX 4090 78.6 78.4 295

T — 7R JRUSCE R 4y A OC KL
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Fig. 5 Visualization result plots

2.7 AREEE CamVid HIFE FRI3TEE

ASCHE CamVid BHl 5 b #EAT X L, For o 7 58 i
SR HEAT X HE , A8 30X DDRNet-23-Slim ® 25 78 7 32 52 5Ky
FHEHT TR GRn% 8 Ui,

®8 AREHEZELE CamVid HIEE AT LS4
Table 8 Comparative analysis of different algorithms on the
CamVid dataset

s GPU mloU/%  FPS

ENet TitanX 68. 3 61
BiSeNet GTX1080Ti 68. 7 116
BiSeNetV2 GTX1080Ti 72.4 124
MSFNet RTX 2080Ti 75. 4 91
STDC1-Seg75 GTX1080Ti 73.0 197
STDC2-Seg75 GTX1080Ti 73.9 152
DDRNet-23-Slim RTX 4090 74.7 600
MPDANet RTX 4090 77.4 454

MPDANet P 77. 4% i mIoU #4185 B F1 454 [ps

VO 4 R R, R BT L ) A3 EORG B RN R P, A AR

T 4 MSFNet™ fl STDC1-Seg75 4+ B H B 43 9 &
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3 4 i
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[F1) 5 S50 R0 400 35 2R 48 JBOAS A2 0 25 70 30 il I A )
ARSCHR R T — i ) 52 2% 1 5 B0 SE I i SO R 4L il
TETE R A3 BEAR 0 3051 N 22 RUBE B 3 T ik 4 BB B 4 3R s
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