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Abstract: With the rapid development of autonomous driving technology, precise and efficient scene un-
derstanding has become increasingly important. Urban street scene semantic segmentation aims to accu-
rately identify and segment elements such as pedestrians, obstacles, roads, and signs, providing necessary
road information for autonomous driving technology. However, current semantic segmentation algorithms

still face challenges in urban street scene segmentation, mainly manifested in issues such as insufficient dis-
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crimination between different categories of pixels, inaccurate understanding of complex scene structures,
and inaccurate segmentation of small-scale objects or large-scale structures. To address these issues, this
paper proposed a real-time urban street scene semantic segmentation algorithm based on a cross-layer ag-
gregation network. Firstly, a pyramid pooling module combined with cross-layer aggregation was de-
signed at the end of the encoder to efficiently extract multi-scale context information. Secondly, a cross-
layer aggregation module was designed between the encoder and decoder, which enhances the representa-
tion ability of information by introducing a channel attention mechanism and gradually aggregates the fea-
tures of the encoder stage to fully achieve feature reuse. Finally, a multi-scale fusion module was designed
in the decoder stage, which aggregates global and local information in the channel dimension to promote
the fusion of deep and shallow features. The proposed algorithm was validated on two common urban
street scene datasets. On an RTX 3090 graphics card (TensorRT speed measurement environment) , the
algorithm achieves 73.0% mloU accuracy on the Cityscapes test set with real-time performance of 294
FPS, and 75. 8% mloU accuracy on higher resolution images with real-time performance of 164 FPS; on
the CamVid dataset, it achieves 74. 8% mloU accuracy with real-time performance of 239 FPS. Experi-
mental results show that the proposed algorithm effectively balances accuracy and real-time performance,
significantly improving semantic segmentation performance compared to other algorithms, and bringing
new breakthroughs to the field of real-time urban street scene semantic segmentation.

Key words: semantic segmentation; convolutional neural network; urban street view; encoder-decoder

structure; pyramid pooling module
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ez — < 5000 55N 40 AR T & BRI 2 07 5oL AR
T R 20 1, 78 A SCrb AU fE FHORS 9t A 0 R 8]
BRI/ 2 048X 1 024, B AR R #AL % 76 B E
SR 19, X SE ER B o R I 2R AR B IE AR
R 3 4 43 A £ 2 975 5K R 500 5K & 4% A
15255k & .

CamVid & 55 — A B A PR ) 3k i 1 55t
B . B AN R R ) Hh 4 R 701 5K &
B %, R KN 960X 720, BEANR R AR AL &
FEFUE LI 1A b, X SEER o 2R 4
5 R A RN DA L 4 A Fr 367 5K IFIR (101 5K A
1580 233 5k 14
4.2 FHURESSHIEE

SCE I RGBS Ubuntu 16. 04, Py-
thon 3.7, PyTorch 1.7.1, GPU i RTX 3090,
CUDA A 11. 1.

SR E AR ZRBY B, SGD ik a8 1
B 4% S 80, R 8 & (momentum) 24 0. 9 Y 2%
2] TR W o BRI 2% 2T 2 AU 2 Bl (weight decay)

Sy 5e o [A] A SR FH PR AR R g N 222 2] R T

I 25 B B - Cityscapes £ 48 42 #1760 000 I
AN 25, 9] 4R 2% 20 Dy 0..005, 335 K /N K
1024 X512, 4t & K/ (batch size) 2y 24; CamVid
Hodfi 42 JE AT 10 000 Wk AN 25, W1 4 2 1 R
0.001, # 85 K /N2 960 720, it #& K /Iv (batch
size) 12, WK R E 5 STDC-Seg "5 1%
AHTH] o

S B B R 5 U0 2 B BOME W) 9 3% 45 5 20
Bi. M4, TensorRT 7.2, 3. 4 Y47 5 JiE il
o 405 E Cityscapes 45 % il CamVid £ %
LML /NI 1, A SR KN4 5l R 512X
1 024,768 X1 536 F1720X 960,

4.3 HERLIE

o A ST 7 A <5 R S W SR NI i ¢
Cityscapes &4 % L #4177 CLA-PPM 5% Bk 1 14
Tl S 58 DL R AR SC T i = A A5 e St R AR (1)
B sz . R mIoU, FPS (£ Py Torch il i 3£ 5%
) .FLOPs Fl Parameter 48 b5 73 5 ¥EAS 1 AH B (4
BEAY o AT 30 U 4% A58 Bl X 4 o B 2 A 1 2k e
I, DA T I B i A e 4 A A o
4.3.1 & ERRASN & FE LR

(CLA-PPM) % 1% 5%

R B IESS A B R OR A R 4 T R I AR
(CLA-PPM) Xf #2 L 2 RUBE | K U7 B B A &L
P, 7E Cityscapes 5 ilE 48 47 T S4H 505, &
1R .

%1 CLA-PPM ¥t Cityscapes 3 iF & F AU RS0 #F 35
Tab.1 Ablation study of CLA-PPM on the Cityscapes validation

CLA-PPM

Baseline DAPPM - - FLOPs/G ~ Params/M  mloU/%  Speed/FPS
Sparsity=2 Sparsity=3
NG 97.7 14.2 74.5 96
NG N 98.8 15.53 75.2 83
N N 98.0 14. 68 75.0 89
N N 97.9 14.52 74.9 90
N N NG 98. 2 15.0 75.3 85

55— S5 B B STDC1-Seg75 1 45
VE R 7R SC B 455 8 ) Baseline, 55 40 255 T4
SO Y AE M FEmE b BEAT . B A LR A KR
STDC-Seg 531 v 4 14 #45% 7R vy 19 42 Jmy AL R4
5| ADAPPM #EHUE I EZ R L FUEHE . 6

=S DU A SE G 4 N 51O R SCRT 4R ) CLA-
PPM # B vh 7% 85 2 (Sparsity) 2 B 32 % 5 % 15
& (Sparsity) & 3 B 32 . 5 WAL H 5| A T
) CLA-PPM #ie ,

B — B SR A5 R T LAt DAPPM
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B 25 F o #R i, mloUE# & T
0.7% ; WEE — 38 = RSB DU SC i 25 vl DL &
£ CLA-PPM #E38 v  # Bi £ (Sparsity) by 2
) 3¢ & 5 7 5 (Sparsity) R 3 10 % EA 25 T
O3 BAE FE AR T, mIoU 8 2 B35 17 0.5%,
0.4% 5 B — 35 ZMEE A4l ge 45 vl LU
o, Bk 5 A9 DAPPM A B, B AR SC BT 4R B
CLA-PPM BRA 45 T 73 H#IKG BE I $2 7, M T

Baseline, mIoUE 25 17 0.8% ., 1fE& %= 51T
7, CLA-PPM B8 19 2 4 & H DAPPM
i/ 0.53M, i+ B 5 /> 0. 6GFLOPs. %& LT
L IESE T CLA-PPM B2k fE & 80 2 B - F SCfF
B AR TR o IR RE
4.3.2 ARLPTF B0 E S5 AT

SRy B8 IR AR SC T 4R = A B AR B TR R A R
PELBETT T S, I 2 T .

F2 AXATIRE AT Cityscapes IiE &£ FHH RS R
Tab.2 Ablation study of CLA-Net on the Cityscapes validation

Baseline CLAM CLA-PPM MSFM FLOPs/G  Params/M  mloU/%  Speed /FPS
NG 97.7 14.2 74.5 96
NG N 103.1 14.5 75.2 86
NG NG 98.2 15.0 75.3 85
N NG 98. 3 14. 22 74.8 93
N N NG 103.6 15. 32 75.7 77
NG N N 98.8 15. 04 75.5 83
NG NG N 103.7 14.53 75. 4 84
NG NG NG NG 104.3 15.35 76.0 75

55— 95 R A Bl STDC1-Seg75 Y 45 5,
VE ]y A S i 42 45 1Y 1Y) Baseline, 5f — 4 & 58 /\ 4
SCES I TE L LA B HEAT

AR DY 2 536 25 B mT LU, AR SO 4R Y
CLAM Btk \CLA-PPM #EHe fil MSFM #EH £8 A
f2 T ER B AR T, B8 B ORISR DU AL S
25 WA % T Baseline, mIoUE /5425 17 0. 7% .
0.8% F10.3% ,iE5 T CLAM # 8 . CLA-PPM
B P F MSFM BEH A 2t . 5 AL 4s &
CLAM B 5 Fl CLA-PPM £k | 20 i A SC b i1 5
EW RSB B 5 A SR A5 A T Base-
line, mIoUE# & T 1.2% ., FBANHLK 5 EH
CLA-PPM B il MSFM #E 8 | #1144 T Baseline,
mloUE# & T 1.0% . FLHLRE A CLAM
P e F1 MSFM A 8e , #H %5 T Baseline , mIoU {H #&
B T0.9% . BB /N4 525 R A SCR L A A
i, A3 T Baseline, mloUfE42 5 T 1. 5%, A
B AIE 1A SCR R A AU .
4.4 EEHH

A SCHE Cityscapes I CamVid 204 5 & X i
PRI HEAT TR . FE 38 0 3T A s A 4R
e AR SO TE S B0 JE (mIoU) FlE JE (FPS) Jf

TS T RAF R . A LT Al S T AR
XS E HAE R A5 R (PyTorch P58 5% Ten-
sorRT P53 ) #E 4T 1 302 32, 17 A% SC 58 32 0[]
i} & PyTorch il TensorRT 355 F ¥E47 1 3K,
IR 7 26 3 R 36 4 v [] R 2 26 T AR OG0k Y Pk
e, ot — W T ASCRIE MR . fE4 4 1M
LA 2 AR AT T R0 ST
4.4.1 Cityscapes

W 3 PR, AR SO SRR 5 T AR LI IR X
gy A F R RL X b o Hovh, CLANet-50
CLANet-75 fE 451 |58 42 A [A] , i — 1% DX £ T
BN BRSNS SR TR, AR S5 vk A R R
iR Z B PR FE T BF 0P . BE X Cityscapes il
A R EL A DN DL 5 5 T HEAT 44T o

WE B K 7 i . CLANet-75 B9 mloU {H K
75.8% , {& T FPANet C* (% ¥ & . {H £ Py-
Torch & #F 58 F , CLANet-75 [ 34 J Lt FPA-
Net C*'/5 44FPS.,

TE J J5 1 : CLANet-50 7£ TensorRT ] i 24
BN B Ik F) 294 FPS, 7F % 3 b ik 2] 5 7 /K
V. CLANet-75 7 TensorRT I PR 55 T A% 18 J&
58 164 FPS, & T [0 4 i 2> ¥k % o STDC1-
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Tab.3 Comparison of accuracy and speed of Cityscapes

Method Reference Resolution 7mIoU/% “Ers FEPS

Val  Test  (PyTorch) (TensorRT)
GAS™! CVPR2020 7691537 — 71.8 108. 4 —
HMSeg'™" BMV (2020 768X 1536 — 74.3 83.2 —
DCNet™! ICPR2021 5121024 — 71.2 142 —
HyperSeg-M"™! CVPR2021 1024X2048  76.2  75.8 36.9 —
RELAXNet"™ Neurocomputing2022 512X 1024 — 74.8 64 —
FPANet C' APPL INTELL2022 1024X 2048 — 75.9 31 —
BiAttnNet SP1.2022 512 X 1024 — 74.7 89. 2 —
LETNet™* T—1TS2023 512X 1024 — 72.8 150 —
SRDENet™*" IET COMPUT VIS2023 512X 1024 — 75. 4 65 —
BiSeNetV 2! 1JCV2021 512X 1024 73.4  72.6 — 156
BiSeNetV2-1.* 1JCV2021 512X 1024 75.8  75.3 — 47.3
FasterSeg'’ arXiv2019 1024X2048  73.1 71.5 — 163.9
STDC1-Seg50"” CVPR2021 512X 1024 72.2  71.9 — 250. 4
STDC1-Seg75!" CVPR2021 768<1536 74.5  75.3 — 126.7
CPANet-T50 CAC 2022 512 X 1024 — 72.5 — 234.5
BiSeNetV3-50"! Neurocomputing2023 512X 1024 73.4  73.5 — 244.3
CLANet-50(Ours) — 5121024 73.3  73.0 143 294
CLANet-75(Ours) — 7681536 76.0 75.8 75 164

R4 AXREEAE CamVidHiEE EHERENEE LR
Tab.4 Comparison of accuracy and speed of CamVid

Method Reference Resolution mloU/ % FEPS FEPS

(PyTorch) (TensorRT)
CAS™ CVPR2019 720960 71.8 169 —
GAS™ CVPR2020 720X 960 72.8 153.1 —
DSANet™ ExpertSyst. Appl. 2021 720X 960 69.9 75.3 —
FSFENet" IEEE T INSTRUM MEAS2021 720960 75.1 91 —
RELAXNet™ Neurocomputing2022 720X 960 71.2 79 —
FPANet B APPL INTELL2022 720X 960 72.9 88 —
LETNet'"* T—1TS2023 720X 960 70.5 200 —
SRDENet™*" IET COMPUT VIS2023 720X 960 74.8 78.3 —
BiSeNetV 2™ 1JCV2021 720X 960 72.4 — 124.5
BiSeNetV2-L"* 1JCV2021 720X 960 73.2 — 32.7
STDC1-Seg50" CVPR2021 720X 960 73.0 — 197.6
CPANet-T™ CAC 2022 720X 960 73.9 — 213.9
BiSeNetV 3" Neurocomputing2023 720X 960 75.1 — 198. 4
CLANet(Ours) — 720X 960 74.8 116 239

Seg75" B o IR AN IR B S HUORS s T
AR SCH i AR SR 3 A i T T B LA A

YEAA 1 A S PE 2 I OR T RGPS,
WL 3 J& 7 o B 45 01 AR SCE T X SRR A
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Cityscapes Wl 34 I+ % ofE o 14 - 3 B2 S 50 L B
WO R 5 R . 25 BT A SCRL BE A

iR NE R TS e L B W 17 8

76 T ret
X FPA%%QSA:&_ e 7sc0urs) CLANeL-75(0urs)
% 73 BiseNeNZ-L‘\%DENe‘ + STDCI-Seg7s
o) | RELAXNet! DiAlnNet ; ;
'é‘ 74 I‘{Mch- ‘
=S i i L A i
g 73 | | * | | BiseNetV3-50
£ " CLANet-50(Ours) ALETNet | ACLANet-50(0urs)
o BiseNetV2 CPANet-T50
9 72| A PyTorch ¥ ' 1 ' 1
< A TensorRT GAS ' A STDC1-Seg50 !

7 4 Ours(PyTorch) ! | A FasterSeg : i

Ours(TensorRT) . DCNet i |
50 100 150 200 250 300
Inference speed/FPS

&5 7 Cityscapes B8 8 [ (% Ml M -3 B S L3R

Fig. 5 Accuracy-speed comparison on the Cityscapes test set

4.4.2 CamVid

it — B IE AR SO A A, R AR
T AR SO 5 I AR AR 75 B LR R A B
IETE CamVid MR b X HL 25 51

I B 32 J7 T A SCH 9 mloU fH A #
74.8% KT BiSeNetV3"*" Fl FSFNet™ ) mIoU
{H o {H AR SCH 19 3 5 T BiSeNetV3® Al
FSFNet™,

T T A SR AE Py Toreh i 3R 5 T
By 3B IE T CAS™ , GAS™ HI LETNet ™', {H A&
S mIoU {8 43 i) H Howy 3.0%, 2. 0% F
4.3% . AR LA AL TensorRT 3k 26 B8 °F 1) 3

FEIRF] 239 FPS, 763 4 ik 8 5 & KF .

AR SCHE vk A VA N S 2 AR R TR
UM, N B R T S R AR SCA T
X R AE Cam Vid P 5 1 0 ofi o 1 - i
B A A S TR AR 6 BT o AN SIE B 2 T L
Bl B TRk R S IR AR SR R TR

K Hb 251 B bR HLZ5 A re L .
75 e i ‘FjSFNet; T BiseNetva-so’
R ‘SRDET‘%t CL ANet(O\.lrS) ) CLANet(Ours)
% 74 ; ; i i ! - A=l
° i | ‘ CPANet-T
E 73| BigeNetvaL " A | } ‘ : \ !
% 1§;e et o e GAAS ;STD(ﬁ-SegSQ
g 7 : : : : BlseN:etVZ : ‘ ! ‘
5 | L
< 71| APyTorch A i f ‘ i '
A TensorRT RELAXNet A !
70 <4 Ours(PyTorch) i ; ; ! LETNet |
Ours(TensorRT) DSANet ‘ ! ! !
50 100 150 200 250
Inference speed/FPS

K6 7 CamVid Bodfi 4 1 54 v i 1R 580 B2 2 B HE L

Fig. 6 Accuracy-speed comparison on the CamVid test set

4.5 EMUSZH

7 J& R A SCH L 7R Cityscapes Bt 48 I
H1 Baseline 5 1% . BiseNetV2 5. 3% LA & HyperSeg
SRR 0 R R o BT 5 R LA D 8 R R AR SC AR
£ CamVid %0 #8 % L 1 Baseline # % .
BiseNetV2 5 % DA &t DSANet 8 & 19 & 1 43 #r
SR E

(O PNELEL (b) Ground Truth (c) HyperSeg-Mf¥] (d) BiSeNetV2fJ (e) STDC1-Seg75 (f) CLANet-75  (g) CLANet-751 %
(a) Input image ~ (b) Ground Truth % i HY%i % 5 R E S
(c) Output of Hyper-(d) Output of BiSe- (¢) Output of STD- (f) Output of TR
Seg-M NetV2 C1-Seg75 CLANet-75 (g) Mixed output

¥ 7 Cityscapes B 4 19w AL A6 43 45 5t

Fig.7 Visual segmentation results of the Cityscapes dataset
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4.5.1 Cityscapes

LT BEoR 19 AT IR 45 R AT LLE A SO
12 RE WA 30 1 0 W R T AT o

TEER — A7 o AT RS AT IR b 0 Tk
Sl A R R R R 2 03 A ik T R kA
AT A 305 AR SCRE TR X T X R 2 ) 3
R e D TR E R ERMN D, SR
XS ILFJC 28 5 s AR5 = AT W b b R
R A AR R 0 D FE Al R R B — R, AR
SCER W R G RN U SRR AR AT R
AR OB VR XS T RN 43 S O oE A i

b 5 i R BB A 3t 1 ) R AR R 3 R TR )
WL
4.5.2 CamVid

N 8 T 7, B MR R B AR SCBR 1 BE 6 v At IR
S EG B AR A8 T RBEER KR B AR,
T A g 1, 0 ) DX R8BS AR 28X HLT G
Ze 5t s % TR EV/ING B bR, W s AT, KAl 53k
4 23 81 45 R E S BRI AT B M A T Bk T
TEAS SCIRE B 2 B 45 53 b, B AR B IR AR W8 50

T W, BB W, AR T SRS 4R 2
45

(a) i A &1 (b) Ground Truth (c) HyperSeg-Mf¥] (d) BiSeNetV2fi] (e) STDC1-Seg75 (f) CLANet-75  (g) CLANet-75/14i
(a) Input image  (b) Ground Truth i Linhay Y% % HEEEEST
(c) Output of Hyper-(d) Output of BiSe- (¢) Output of STD- (f) Output of WA
Seg-M NetV2 C1-Seg75 CLANet-75 (g) Mixed output

K8 CamVid %l 5 10 T B AL 23 1 45 5

Fig. 8 Visual segmentation results of the CamVid dataset

Bt O0F 25 1T A T S0 50 A 3T R
HR T Il Y — 26 B CRL 355 A TR 26 01 1 1R R X o3
AN T X T A 2% 3 SR A R B B S A8 ORS E
DA /N ROBE ok G2 oK RUJEE 45 4 ) 3 81 AS T Aff
SRR ) AR SCHR T — AR T B R UCR B M
2% B S I ST B R OE Uy BV . R IRER A

I 28 P = A By B K B« A AT S B B LB 2 R R
G B B A i i AR B B . T S, S n B g B 2 B
BWRIEEH AXEEZREGNBRITT
2R A (CLAM) , 45 43 18 4 & 6L
il 34 5 A B R AL GE G B A G i s B B
4 5 AIF DL FE 40 50 AR AE 52 5 FLWR, AR SCHE
BREAMB®RITT T4 EEZREANE
T WL B B (CLA-PPM) , DL & s e i £ R
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