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Outdoor scenes image semantic segmentation based on
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Abstract: Semantic segmentation is a key technology in autonomous driving. Outdoor scene image semantic

like

performance. To address these issues, this paper proposes a semantic segmentation network for outdoor scenes based

segmentation faces challenges environmental complexity and sample imbalance, leading to suboptimal

on feature branch enhancement, FBE-Net. FBE-Net adopts an encoder-decoder architecture and designs a feature
enhancement branch. It utilizes multi-scale dilated attention to capture key features and enhance overall accuracy, and
employs a memory module to address sample imbalance. Simultaneously considering lightweight design. We collected
campus scene data using an HD camera, annotated it with semantic labels, and created a campus scene semantic
The
experimental results showed that FBE-Net achieved a mIoU of 79.64% on the Cityscapes dataset and 78.01% on the

segmentation dataset. Experiments were conducted on the Cityscapes dataset and the self-built dataset.

self-made dataset, outperforming mainstream semantic segmentation methods.

Keywords: semantic segmentation; branch enhancement;sample imbalance; memory model

51

VSOOI S T AL SE Y AT 55 B AR R
MG R T BC S E 1092 AR 4 L 52 BURT A0 1L 1Y 3 5 B AR
TEZE NG R TR & E AW AR AT A5
ZRICR X LETTR AT RS H AR IR (i 22 3 4 3D 7E B
SRR LA, BAFFEER R R B R, W
I B8R A v A A A AR S 3 A i [ R ROBE RS 24 4 b A

il

Y B 399 :2025-03-09

FUAT 22 AR G, RS PR/ S AR R A S AR 3R 7 300 4
o Lt U L 7R D) BT S B HOG BRIl A 2 ) I
WA SRS Lk Z R RSN ILE R B 5 5
alCRARL bl LA G380 5 55 — O T2 B AN 39407 L LE i e st iy
PRTE R 4 Fp AR A B L S BOBE 3 2 o] i 2000 A RO b
A BE TR S A v BURRAE 385 o DTS 0 23 RS JEE
I FE 3 X5 T 5 A 5t 0 i Lo ) 200 22 ROBE 3 Ak
£ G Fe e 2 R B N ) = W R 1

* FEETE T4 A RBAIE SR E (2023-MS-093) \EH K A KB4 4 (62173055) 1L TE 4 FHE H KL W8 B35 B (20191101014) 8 5

AR B G X H KRB L0 (2023 A01005-1) B8 )

+ 166 -



IRR F A THAES IR TING T BHGLELLSE

%21
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REAIF $2 MR SR R 1T SOfE BB IR B TR B T
JINJBE W A RIRE A 28 50 /0 1) B4 O B A5 a0k A AR S f0 Ah B
WA 33k AT TR S i R AR e A A K, TN FH T ) 46 A A
ek EREBER,

Guo %M H T SegNeXt W%, i £ R ¥ % &
o1 0 245 i 8RR AE 4 B, AR X T Mt B 1 o B ROR A
AR, Wang U4 H T BC-SegNeXt M 2%, 1% I’ % 14 fin
T i AR 45 0 T BE pR B, NS TR I B o BRI
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f) MDFNet, 351 AFFAE 4 35 o i FHOBU A% Sk 3047 40 15 K
SRR T EE R SR R 5 BN RO RRAE
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A3 BN AAAE TR AR B, 7 T X AR iy 4 47, 3 1 32

JCHJFAFRAE , 52 PSR (0 53 )

BT 5 52 A I AR 45 S B o0 H0 BE AR Y 1)
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2) 5% 2 A7 5 v 50 A A T B0 B IR M L34 ) )
ROR 22 09 IR, B T — SRR R 5 40 3 B T 2 RE
MK B f1 (multi-scale dilated attention, MSDA) £ B 3 17
22 RUBEREAE SR, B8 Jmy 3 1 SCA gk il 25 )
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e
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1.1 FBE-Net & 1E 25

FBE-Net (M8 HEAL AN B 1 7R, M0 25 1 1) 2 4 6
RIS, EE 1 R, DWSConv J2& I B 1] 43 5 4 1
(depthwise separable convolution, DWSConv) , rate &7~ i
KR, CAM 218 3 & 1 HLH (channel attention module,
CAM) ., FBE-Net By A& 2 048X 1 024 X3 B A, Hrp
3ERMBERFELER. G, B).

TSt A B AT A AR O g T A A A B s
4 AT REEG BEA S 3R . 4 AT SRR B 2 % &
U 2 SR H (multi-scale convolutional attention module,
MSCA) B 1 A — R B HefE  df R M i 2 N6 BUE
51 W %% ( multi-scale convolutional
MSCAN) , Z4> MSCAN 4 i, — > B B, HI T2 I £ RU%
FHE . MSCAN Al MSCA Z54g W0 2 BT /s o 345 K X%
Stagel Y%t #EAT A0 30, 15 J1) 22 NOBE g K U 2 00 B He 4 B
RZ M Z REEFRE 5% Stage2.3.4 F143 32 i 11 (19 F7 1E 43 )
HEAT b SRR U A DR T 90 12 0 B L R
TEZR R AR i i 4 Sk B9 B A B 4B it 19 > 28 ) 1 I
I

B 2(a) W4 % 5 W 4% (feed-forward network, FFEN)
TRk Ry A8 e AR 4 L AE 2 30T BB 4K (gaussian error
linear unit, GELU) A T 42 71 5 1E $2 B AE J7 » 4t & )1 — 14k
(batch normalization, BN) F T il 38 #it 25 % 4% 14 1| 25 1 3

attention network,
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Fig. 2 MSCAN structure
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Att = Conv,., (> Scale,(DW — Conv(F))) .

Out = Att ® F
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Fig. 4 Channel attention module
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Cityscapes J& &1 T I TH T T 0905 M 18 L4 B B
AL F 5 000 ik R I i 1R 3 Gbn T Y AR CEC )il 4R
2 975 7k B AIF4E 500 K, MIREE 1 525 5K, BR PR N
2 048X 1 024, WhE 19 A U, AL 45 HEAH L IE B AT A
8B REF 50 AR SR T A A A, B 2R
Btk

CSD $dle 8 J2 1 % % 507 5 (1 52 44 Pk FRR AR R 25 i 1)
ToRMEN, ZBIREE S TREER FEYF LMY

N
(a) JRIG R

(a) Original image

e R L -»1

o WHREURIERET 328 TR R R, WA 7 iR, B
R4 #HER R 1 920 X1 080, Zead wrids Ji » Al 7(b) 7R L
AR Y AR T 2 400 3K, HA I ZR4E 1 400 5K, IR 4E
400 ik . ML 600 5K . B —ILA 13 AN 2850, 2005 Fi
5 Cityscapes $CHGSE AR, L {0 38 i T Bz 3547 L FBLRS Fn S A 35
RREENR BRI BEARZE R, AH#E T Cityscapes, H B AU
S B T 2 0 P 3 SR/ ROBE W 1k DA SRR AR R 35 465 14 HE
B, BEAT R PP 4SS A A S5 o )i FH 3 5% v B PE B

(b) bRiE S5 1R 15
(b) Labeled image

7 CSD ¥disE
Fig. 7 CSD dataset

2.2 ZHRRERSH

AL H A UBUNTUILS. 04,CUDA10. 1,PyTorch1. 5.1,
Python3. 8 Jf 8 F . ffi FH XK RTX3090(24 GB)-GPU # A7
YLk 50K, B A 45 389 00 F 5 T AR Ml i =0, ok
IEACUHLIE 160 000 YK, I LG 2T % 0. 001 ) Adam
e SR ] 22 350 2 IRl SR W ol T 52 SURR 48 2K pR B
2.3 PFMriEER

o T A E VP R £ A B AR 1 S AT I 55 T R T g
SCRJH TR A E 3 AR 48 bR T 9 38 3 L (mean
intersection over union, mloU), & & iff X 4 #| 04 & .0 38
b £ A o B 2 0 B 43 B BT A 5 AR R ME R (overall
accuracy, aAcc) s B IT A 1R 2 I AR 4 2R 1 5 3R
K UETH R (mean accuracy. mAce) s WAk B8 I 1Y 4 25 i
P U H S JH T A AR P Al B0 a4 . A& T 9 AR
L O~AD PR,

k

2.
alce = (10)
23200
1 < i
mAcc - mz kp (11)

DI

Ak TR RLIERNEL . TR B SLEH, 5 Fom BN,
Pu PRI T ER IR RE p, BRBRAMNEE, p, £
TR BB A TR AR E 38 D i = 2R A BRI kA
2.4 FLEXW

R T F5r AL FBE-Net WP BE A 3C 6 FE X L i 7 %
HEATBIE , 0 T BRIE S50 19 A sk 43 B8 Cityscapes 204
EF CSD B FHEATINLE SR, £ TN
ResNet50,

SRR SE B AOR BT B OC S 50 A RE 4 S5 1

mloU = 1> ki Coy  HUMAIRL IR REI T /N RUE 9 1R 0 BE A 9 45 2 5 L AT 0
D PPN o P WA BT LR VISR 5 SR 2% 1 R
F 1 Cityscapes HIIEEIBENHELER
Table 1 Semantic segmentation results for Cityscapes dataset %
TIoU
) 445 A5 7Y mloU  aAcc mAcc — — - -
Traffic light Traffic sign Rider Bus Train  Motorcycle
PSPNet 71.27  84.81 81.83 56. 09 59. 68 50.42  65.52 63.11 60. 45
Deeplabv3 74.25  84.02  82.22 59. 28 64. 66 56. 11 66.78  70.72 62.11
DANet 75.48 89. 71 83.13 60. 32 65. 30 60. 92 70. 68 73.94 62.22
Deeplabv3—+ 75.72  85.63 83.01 60. 53 62. 41 58.63 68.03 77.43 62.18
SegNeXt 77.79  95.98  85.41 69. 74 78.51 62.74  88.79 79.99 65. 94
FBE-Net (Ours) 79.64 96.14  86.57 71. 44 80. 15 66. 89 90.5 83.78 68. 84
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[l 8 HhbR & S X R AN TR - AR LA R E 2 A
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Fig. 8 Cityscapes dataset segmentation results
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Table 2 CSD dataset semantic segmentation results %
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R HRL mlot afee mAce Tree Human Road Navigation
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Deepl.abv3 63.77 87.21 73.19 51.50 47.50 59. 68 63.59
Deeplabv3—+ 63. 81 88. 06 73.68 57.33 46. 23 60. 81 66. 22
PSPNet 69. 17 90. 31 76.61 57.39 64.78 76. 44 71.95
SegNeXt 73.15 90. 29 82. 82 47. 60 69. 36 82. 43 87.25
FBE-Net (Ours) 78. 01 91. 37 85.75 64. 88 74.73 84.19 89.83

HIZ 2 M S IR 2 R AN 9 n] 45

CHATPRAR ML .

B

BN T I G (9 7 F SR v, X BB 4R oy

BORIAE CSD SR 4E L Ee ¥ A B TR, XAl fig &+
CSD #4487 R S5t & b TR 8 A 200 43 A 55 7 T 1Y) 2%
5, Tii FBE-Net #£ CSD $#i 45 FARSR R H5 T de 43 %1 5%
B, 5 SegNeXt M %% #f I, FBE-Net 8 mloU £ I T
4.86% BRI T gL . MZERIFR%E, FBE-Net £ £
AR EA W RIETE . B, XTI AR ST AR
TR HAr, A58 A0 68 6% TR o 1 4 B AR SRR X T
RN AR R AR AR S T A B AR 1 22 RS RRAE B B
BB [RIE X /N RUBE B ) 1R300 B kS o, 6 48 15 A

o 172 -

BE T FBE-Net 5 & 7% 37 5% T #9 & #& 1 AL 75 19 23 %1
EJ1.

B4 O T FE 4 B AIE FBE-Net (¥ B8, A SC I T
CSD % 4k b i 8 A>3 5t kA7 TIN50 45 R & 10
Fi7R .

P10 H L X T B AT 3 IR W 1A% L FBE-Net 73 %1 19 4%
SRARGE B L % T R Y 3 B o3 D L BORS T
5L X T 38 2 F R B B o F b e e . it
B A5 5 T8 Y B R 23 B S8R B L T U Y Y ) 1A e g

o>



FER FATHES RO ENGFTEBELSF 21

gk

= (a) Original

(b) DANet

(c) DeepLabv3

(d) DeepLabv3+

(f) SegNeXt

(g) FBE-Nct

Bl 9 CSD %l % i #l 45

Fig. 9 CSD dataset segmentation results
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Table 3 Computational efficiency and number of

parameters for network modeling

) & 455 7 FLOPs/G Params/M
DeepLabv3 2159. 70 68.11
DANet 1593. 01 49. 84
PSPNet 1427. 4 48.97
DeepLabv3+ 1410. 60 43.59
SegNeXt-Base 256. 48 27.57
SegNeXt-Small 122.72 13.90
FBE-Net (Ours) 189. 10 18.92
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Table 4 Comparison results of different semantic segmentation models on Cityscapes
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MR mloU/% Traffic light Traffic sign Person Bicycle FLOPs/G Pazams/M
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GANA 73.40 — - — - - 24.45

DLA-Net 74.95 — — — — — 47. 64
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MDEFNet 77.51 — — — 76.08 — —

FBE-Net(Ours) 79. 64 71. 44 80. 15 83.52 78.33 189. 10 18.92
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Table 5 Ablation experiment %
T3 % mloU aAcc mAcc
BaseNet 77.79 95.98 85.41
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