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Abstract: Semantic segmentation plays an irreplaceable role in autonomous driving and intelligent trans-
portation systems. However, current segmentation networks often suffer from challenges such as blurred
object boundaries, mutual occlusions between objects, and significant variations in object scales, which
hinder segmentation accuracy. To address these issues, this paper proposed a city road scene semantic seg-
mentation network that integrates global context awareness and multi-scale feature fusion. To mitigate the
problem of blurred segmentation boundaries, a Global Awareness Module (GAM) was designed to en-
hance interaction between spatial and channel-wise information, enabling the network to capture compre-

hensive global context. For handling object occlusion and improving recognition of partially obscured re-
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gions, a Multi-Scale Feature Fusion Module(MSFF ) was introduced, which effectively integrated contex-
tual cues from different receptive fields to ensure segmentation accuracy for objects of varying sizes. Fur-
thermore, a comprehensive Multi-constraint Feature Smoothing LLoss was employed to enforce spatial co-
herence and semantic consistency, guiding the model toward a more optimal solution by refining feature
distributions around object boundaries and within complex scenes. Extensive experiments are conducted on
two benchmark datasets. On the Cityscapes dataset, the proposed method achieves mloU improvements
by 0.5%, 0.9%, and 1. 7% under different input resolutions. On the ADE20K dataset, an mIoU gain of
2.1% is observed. Compared with existing semantic segmentation models, the proposed approach demon-

strates superior performance in urban road scene understanding, particularly in terms of boundary delinea-

tion, and occlusion robustness.
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Fig.1 Overall framework of the network
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Fig. 2 Global awareness module
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Fig. 3 Multi-Scale feature fusion module
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SegNext-T 4.3 76.2 81.1
SeaFormer-B 8.6 74.2 78.8
RTFormer-B 16.8 75.6 80.2
SCTNet-B 17.4 76.4 81.6

Ours 24.3 76.9 82.5

198.9  76.0 79.7 141 77.3 81.2

43.0 74.4 77.1  34.2  75.8 79.6 20.4
47.6 75.1 78.6 37.5 76.5 80.4  24.1
82.1 77.1 80.2 56.7 78.4 81.8  39.3
81.6 78.1 81.3 66.8 79.2 82.7 52.1

66.7 78.4 81.9 43.1 79.5 83.0 26.5

100. 3

78.6 78.3 81.0 58.3 79.0 82.4  46.7
131.6  78.9 82.3 95.3 79.7 83.4  58.3

117.4  79.8 83.4 82.4 81.4 85.8  53.7

2 & Y77 & Ui AL A DeeplabV 3Plus, Seg-
Former % £ Cityscapes £ 85 48 I 1) 19 A~ 211 22
JEEXF bR WS W AT SCHAE S AT EE S
HAT 4 /N H AR 25 LAY ToU G ik T 18 B% 50
Yy AEBLSE R H bR 2850, St 24 iR B 7R 5 Ak
3 5 A AL RE AN —E AN . A SO
RUXF /N HARUNFT EEHE 4 L AT AR5 1 4 R3O T

ARG AT 2. 1%,1.9%,2.4%,3F H

TE B AR LT SCEEBL A R
O LWL Ml R WY AR SO R AE 1 32 BT i
B S N B O R SCR 6 A4 B R AE

Fz 2 7E Cityscapes ##E & F 191 MXTEE L6

Tab.2 Contrast experiment of 19 classes on Cityscapes dataset (%)
5 /B /mIoU DeeplabV3Plus SegFormer DDRNet  SegNext  SeaFormer SCTNet  Ours
SR 96.8 97.2 97.3 97 95.8 97.6 98.5
NATIE 87.2 88.1 87.9 89.2 88.5 88.2 88.9
Y 89.7 91.2 91.5 92.1 88.9 92.2 93.8
1k BE 56.3 59.6 62.2 61.7 56.7 62.9 67.7
A 65.1 66.7 66.3 66.6 65.4 67.1 68.4
T 51.8 53.4 55.7 56.2 49.8 55.4 57.5
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Tab.2 Contrast experiment of 19 classes on Cityscapes dataset (%)
FH) /B /mIoU  DeeplabV3Plus SegFormer ~ DDRNet  SegNext  SeaFormer SCTNet  Ours
ZAE ST 65.6 67.8 70.5 69.2 68.3 69.7 70.8
SEAR 71.3 73.1 74.2 75.3 72.4 74.9 75.1
k3 90.6 91.3 92.1 92.7 91.1 92.6 93.7
% 65.7 67.1 68.4 67.9 64.6 68.9 71.5
Rzs 95.3 96. 2 96. 6 95.8 94.9 96. 2 96.7
(IUN 80. 4 82.3 83.1 83.5 81.7 82.8 84.9
AT 58. 4 61.1 62.3 62.1 59. 2 63.7 65.3
/N A 93.6 94.9 95.1 95. 3 94.5 96. 2 97.5
KKE%E 86.3 88 86.5 87.2 88.6 87.5 90.7
SR A 91.5 92.7 93 92.5 92.1 94. 4 95. 4
P& 86.6 87.9 88.2 88.9 87.3 88.6 90.7
FEFC 4 59.1 65.7 66. 4 67.4 64.4 67.5 69. 4
AT % 62.6 65.2 68.3 70.3 65.2 67.8 70.2
Rkl 76.5 78.4 79.2 79.5 77.3 79.7 81.4

Cityscapes £ ¥ 5 © 3547 7] AL A ROCR 18X 1 43
Br, &l 4 s o A H, Deepl.abV3Plus, Seg-
Former-BO & A5 R0 7 311 3 BE T (38 1 43 %A 58
B A LT SCTNet-B , AR SCRE AL X 17 321 1 73
FIF B, B, R 2 HOEE RN A i R
NGy IR SERE 4 3l FEREH , BB 4 0
R A FR 43 JHE 4 14 28 3817 5 AT, A SR AU A A BT DA

[ 53 #0300 5, 5 TE A 43 0 L Bl o3 B S 04 28 AR
SAT . CHr A AR KRANE R (9 B w8 9 1k
WP, 2 B AL I A 3 F R A 45 2R DL G
Qb B8 R ik, DeepLabV 3Plus, SegFormer-BO,
SCTNet-B & #5  5 Jg K — 4>, A< SCHE 7Y 52 3
56 G5 LG RO B R B A B A B, BT AR
SCT5 A R -

®3 ZEADE20KHIEE EHATEL 8
Tab.3 Contrast experiment on ADE20K dataset

Models Params/m mloU/% MPA/% FPS
PSPNet(ResNet101) 67.0 33.1 51.3 50.7
DeeplabV 3Plus(Xception) 41.0 34.5 53.9 58.4
SegFormer-BO 3.8 36.9 56.4 79.6
DDRNet-23 20.1 38.7 58.5 90. 3
SegNext-T 4.3 40. 6 61.4 60.0
SeaFormer-B 8.6 37.8 57.6 43.6
RTFormer-B 16. 8 40.5 61.2 91.7
SCTNet-B 17.4 41.5 63.0 139.7

Ours 24.3 43.6 65.4 125.9
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Fig.4 Cityscapes data set visualization comparison
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JE 55 08 2 [R) (4 A RSP A

7 ADE20K ¥l 4 1 AR SCR A 5 A A
Al AL BRI XT LE, an i 5 s o Do A2 R
F (8] R A 31 718 B 8] 247, PSPNet, SegForme-B0
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Fig.5 ADE20K data set visualization comparison
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3.4 HELIIE A3 H 0
3041 A BB 5 M SEHG 6 S0 7 AR 3 MR G T K A [A] AL
4 JR B He GAM M 55 [] 13 T8 AR R He SE HICBAM (W XF EE, W6 4 s . SE K 34 A4
K, AR H.AS 6] 5 AR S G e AR Y 4 Ry BRI E P E B R R — A A R bR it 33X 7E T TR
(T10 I NS @ g 161 N = NP R | B R W X 7 | PS R e 25 ()N () o oy EAE S5 th RIS, R
PEATERDY , AR 3 o SE4G2H 12 X Baseline Y T4 3 TH 18] A9 AT A B, W T R AE B S A
SR E o SR 2 L E A 3 K GAM AR CBAM 4543 18 1 55 ) M s [ 2 07, B TE s o
Pkt SA B Lt C A Mg AR, PR AR ST X ][0, 1] Y X R IE 1) 3 6 1 DG T BB T, DR A T
L N2 Sl S 1 I ) YN U3 o G o O Sy F 4 B REPE R A R0 T B ML (R A
WEEE R 0.1, AAUH o 5 r M BB MH , e A R I 2y 7 e R S R 2 (] 3 T ) R A (]
r=0.6,r=0.4 0 (25 20 5) & b 35 B m AL, i A KRR MRORIEAR . A SCGAM i %5 1] R &
ST A VSIS TN . A HT IR A 1 S R A 38 T8 3R A S B A5 ) R0 G B BEA e fk Ok
RN AR 1) =5 lﬂ%ﬁﬁﬁ&ﬁ}%@, S [a) {5 230 Bl FHEBE AT 43 18 45 BUOS /0T F 5 FF 8 L 38 21 50 44 4 )
RS W R BT AR (i B AR AE R 3K 6 T KB .

x4 ERBEIMELRGH
Tab.4 Global Awareness Module analysis

Scaling factor Models mloU/ %
T, 7, Baseline +SE +CBAM +GAM Cityscapes ADE20K

1 0.0 0.0 N/ 79.69 41.52

2 1 0.0 N/ 80.21 42.03

3 0.0 1.0 N 79.94 41. 60

4 0.5 0.5 N/ 80. 16 42.17

5 0.6 0.4 J 80. 33 42.30

6 0.0 0.0 NG 79. 60 41.39

7 0.0 0.0 N 80.12 41. 86
3.4.2 % R EAFIERRA A 5T K5 SREMEERSH

MSFF 4: 3 M a, b, c.,d DU 43 3 dE 47 45 1F i Tab.5 Multi-scale fusion module analysis
G LIAREUCE & 1 2 RBERRE , R SO AN 43 32 Y sz Scaling factor  Branch mloU/%
MO, RSN, a,bEFEE 2H r a b ¢ d Cityscapes ADE20K

/
R pHEEG0 2D X M FHREA D L 0.0 J <0, 36 1237
K r, A SO I 2 43 SRR 43 B e 61 R 8- AL O o N - oo
F1LLO. 1 AR IR D, USRI RIEE. A 8 ' ' '
VE 7 77 HL 1 B 0% 800 0K B B AR S A R ) 0.7 VN 80.49 4244
A4 70 S b A I ) B X 1] B3R R R 0.3 80.67  42.76
HAFENARGE S B R E X, 2551k 9 - J 80. 61 42.61
iﬂﬁéﬁi%ﬂi%%ﬁd\Eﬁlﬂ@%@ﬂlﬁ,lﬁlﬂ:ﬁﬂ?’ﬁrﬁ 10 [ \/ 80.55 42.57
A 4 A= e
j((ilﬂlﬁjﬂo.ﬂ;mﬁ% n‘/n%Eiﬁm?fzujjﬁjth, . 03 J .81 4392
FECH bR O el B AR s e, B A RE R —
12 0.3 v N NN 8106 43.41

SE U B 5 T A B BE AT DR B AR AE A 45 R 1
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FE VRS —EMBIERE Mz ALRE T, Y r i
INCFZE O B ), A5 AR R AE T o % 12 7 7 AL i 97
i, BAR e e (H Bl = 8 SCHE B T, mIoU i i 11K 5
r=0. 3B I AE R B R A L B R ), 51—
Fb 91 %) 38 SCHE R, A7 80 % i E T T M TR R
BN, e KRR R 5 22 ROPE {7 )8 B AN I sg 56
SHI/R o SLHR 9 MSLER 10 £ W, K& (¢ 4
3) T 43 il A5 AR (d 43 30 X T 4 A5 R 1 PE i L
A —E R 5 3 — 20, S0 11 A 12 WGE W, 4 PR
R G S X R AR R A O R R MR R T . X
Pl AR 2 AT 25 T R B B i K B b K
Rl SCf B 07 R AR 3, LA T 2R R
o fm X RRM R R, W,
o o B A3 R, T 245 R 0 TN ORG 40 b 4R U
IS AR B AR B R AR ) RGE MR, A
AS 4t v XoF Ak 456 - 19 U0 o A e S SHE SR /)N
PR 43 FEIRG B, SC B 22 ROBE W IR o RS B 1A
BT
3.4.3 Y RIFIETFIRBESH

AR SCAER X H S ) b AS R 45 R bR B R AT
A3 BT 5 X B, I X AR SC £ 2 SRR AR OF W R S
BaMfMpdiritie, nEe6 i, LK 139, A
SO B o, BHEAT M AS LB S B R, o 15
il FF AE 51 5 1 2 1 sk L AR S 2 e s T AR
fE o A AN 51 e I B A RWE N e

[0.5,2.5] ;8% il 7 18 29 SR 0 Ay 58 i, 2% b 1%t
45 U8 B 52, JL(H S g /N R B pel0.0,
2.0]c a,BEK YN 0.5, 8 i Bk 44 78 5 ik
LA B L ETEREASG. X Ta, Ya<
1. OB, FG Loss 7544 Ak i 72 v A BE AL, S B
AU i SCRFAE (4 51 568 F1 0k 55 , & 2% IX 8k (40 iy
TEHEP DI = NN R ) RIS A mIoU {E B
;2% a=2. 00 ,FG Loss (5 it &, & T4 &
5 55 B < WSy 1), 5 B0UR 8 U A Bl 2
ARG ;2 a=1. 5B, R R 1 B0 1Y R AIE 42
HU5 2 5 IX 43 g 0, e RS R AR e M Nz Ak e
Jo MT R, Y A<0.50, FH AR AR, 7%
Ripos BB i B S5 fhsg 2 p=
150, i Y i 5, JLH 7E ADE20K $5 41 42
T, S UM B bR KO R T A R Y
B=1. 01}, B 0% 4 Iy b - 1 30 % 7 3 5 245 4 7
Fro LM, ARSI a=1.5,8=1. 0 A HcfE
B . ST 14 T2 15 2 Hfh i 5 &1 6
I RS AR SCH R BRI L HR . Dice Loss [
b 5 X Sk g S (R R D B R ) A 2
AR Z 0 53 SN BE AR DX IR M L XR R )
Sy B RS BE S FE s Focal Loss X iE X 4% &) b 2k i oA
SF- i [0 R e B R A, R L AR B B R R )
S B Sy T S T NS L NS o i B ) N A i |
JE K 25 A R [R) 29 o) 2% 1 of 4 T 455 8

F6 ZARFAERRKSH

Tab.6 Multi-constraint feature smoothing loss analysis

MCFS Loss mloU/ % Loss
S g 21

a 15 Cityscapes ADEZ20K Cityscapes ADEZ20K

0.0 0.0 81.06 43.41 0.1789 0.7029

1.0 0.0 81.36 43.45 0.169 3 0.6833

1.5 0.0 81.38 43.51 0.167 1 0.6825

2.5 0.0 81.23 43.43 0.1680 0.6907

13 0.0 0.5 81.14 43. 34 0.179 6 0.708 7
0.0 1.0 81.22 43.39 0.170 6 0.6951

0.0 1.5 81.19 43.36 0.178 1 0.702 8

2.0 0.5 81.29 43.40 0.167 7 0.686 5

1.5 1.0 81.41 43.63 0.163 2 0.679 6

14 Dice Loss 80.97 43.11 0.1812 0.703 4
15 Focal Loss 81.18 43. 37 0.1721 0.698 6
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