H55% HoM THRKRFFR (T FKR) Vol. 55 No. 9
20254 9 H Journal of Jilin University (Engineering and Technology Edition) Sep. 2025

NGRS T B9 & BRI A1 O BTk

EORLAIZEV R BN R

(1L AF EWmEGEEFR, Mo £2 5 066004;2. # b A¥ ThAFMERELT AL E, T4
£ B B 066004;3. th TR ET VL ARAE, & K 518118)

M EHAAAENRQANEEZEEDER G R TR AL TR EATA LN F A, /YT
—HETHLGRFETN RFOFRAFEX QT F. G5k, KA LG AR EE IR 4% H
BMAGEEEN D BN TRAN BRI EN AN A EEEREL, HA BREALEES
WhabotRGEEBREEMIGRHE, FPHEEEGFRE XS EHHAES A LHLEEE XL EESH
WXEE. RE,ERGBETRITTER AL FEAMESR REFTRARERLE ET XE
SCHEAE By AR A&, 3T Cityscapes B # £ 8y 230 £ R R W - K U T7 i 0938 L 4 #| M #E 3k 2
76.1% # MIoU #n 132.6 f/s ty 5 3% = 4T # & , § 3 & H % PP-LiteSeg # tt , MIoU 4& # 7
22% AT EBEXEEE S ST O TH,

KBR:FRARE B AR ERE A ZEEANG  BREE L FHE A
RESES . U491.2 XEIREL A  XEHS:1671-5497(2025)09-3032-10
DOI:10. 13229/j. cnki. jdxbgxb. 20250454

Edge feature-guided semantic segmentation method for

intelligent vehicle

HUO Zhen',JIN Li-sheng"*, HUA Qiang’, HEYang'
(1. School of Vehicle and Energy, Yanshan University, Qinhuangdao 066004, China;2. Hebei Key Laboratory of Special
Carrier Equipment, Yanshan University, Qinhuangdao 066004, China; 3. BYD Auto Industry Company Limited,
Shenzhen 518118, China)

Abstract: Regarding the issue that existing semantic segmentation algorithms fail to fully exploit target
edge features in autonomous driving scenarios, an edge feature-guided semantic segmentation method for
intelligent vehicles was proposed. First, an edge feature enhancement module was introduced to extract
edge information from the original image as a parallel input to the encoder, strengthening the neural
network’s edge feature representation. Second, an edge attention module was proposed to fuse original
image features and edge features, adaptively balancing their contributions in different regions for semantic
segmentation. Finally, an efficient channel pyramid pooling module was designed in the decoder to improve

the utilization efficiency of contextual semantic features after pooling at different scales. Experimental
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results on the Cityscapes dataset demonstrate that the proposed method achieves 76.1% MIoU with a

processing speed of 132.6 [/s, outperforming the baseline PP-LiteSeg by 2.2% MIoU while maintaining

real-time performance, balancing segmentation accuracy and computational efficiency.

Key words: intelligent vehicle; semantic segmentation; edge feature enhancement; edge attention

mechanism; efficient channel pyramid pooling
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Fig. 1 Edge feature—guided semantic segmentation network framework
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Fig.2 Example of edge feature enhancement
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Table 1 Comparison of semantic segmentation performance for different methods

ik Ay LPNEE NG ERRCES MIOU/ % B/ (fs 1)
Enet''" 2016 5121024 — 58.3 76.9
BiSeNetVv1'1? 2018 7681536 Xception39 68.4 105.8
BiSeNetVv1'? 2018 7681536 ResNetl8 74.7 65.5
GSCNN! 2019 1024X 2048 — 80.8 —
STDC1'! 2021 5121024 STDC1 71.9 250.4
STDC2M! 2021 5121024 STDC2 73.4 188.6
BiSeNetv2'%' 2021 5121024 — 72.6 156
BiSeNetV2-L'% 2021 5121024 — 75.3 47.3
Edgenet'™” 2020 512X1 024 — 71.0 31.4
PP-LiteSeg-T"" 2022 512X1 024 STDC1 72.0 273.6
PP-LiteSeg-B" 2022 512X1 024 STDC2 73.9 195.3
BiSeNetv3'?! 2023 5121024 STDC1 73.5 244.3
BiSeNetv3'?! 2023 5121024 STDC2 74.5 180.3
ALANet®! 2024 5121024 — 74.4 115.6
ARIL(STDC1) — 5121024 STDCI1 74.6 177.8

5121024 STDC2 76.1 132.6
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Fig. 5 Visualization of semantic segmentation results for different methods
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Table 2 Ablation study comparison of semantic segmentation performance

Jeggmy: EFEM EAM  ECPPM MIOU/Y% i /(fss ') F-score(3px) F-score(5px) F-score(9px) F-score(12 px)

N/ — — — 73.9 195.3 67.8 71.5 74.4 75.2
N NG — — 74.4 152.6 69.5 73.9 76.3 77.0
N NG N — 75.0 139.3 71.8 75.9 78.5 80.1
N/ NG 76.1 132.6 72.5 76.7 79.2 80.5
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Fig. 6 Visualization of semantic segmentation results for ablation study
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Fig.7 Visualization of semantic segmentation results of real road scenes
3 45 BRE T SRR AL 32 5 T H AR S 2 HIRS B
()Mol AT eBgoaEEEE =N T

(1) %t i i ) FH 300 2% 5 10 18 i 45T e 82 LAY 3
2 BB N 3R AT 4 S AL B T A% e A543 A A T b A AR e S AN [A) RLBE b £k 3R
PR ERE G TERE . SRR g R AL PSRRI RGO B R A
el A G B A8 0 A AT 43 SRRAE A 4 R R A A ST TR AR 0 RRAE RN RE T o



3040 THRXFEFFHR(OT FR) % 55 %
S STk - parsing network[C]//Proceedings of the IEEE Confer-
ence on Computer Vision and Pattern Recognition,

(1] BIA, SEORWE, %4 ST ZHEIIHLE5 B R AR

(2]

[3]

(4]

[l
ol
[i—

(6]

(7]

[8]

(9]

[10]

A A BB ] TF AL TR, 2024, 50(8):
282-289.

Min Li, Dong Bing-jie, An Dong. Semantic segmen-
tation algorithm based on multi—attention mechanism
and cross—feature fusion[J]. Computer Engineering,
2024, 50(8): 282-289.

Liang Y, Xu Z, Rasti S, et al. On the use of a se-
mantic segmentation micro-service in AR devices for
UI placement[C] /2022 TEEE Games, Entertain-
ment, Media Conference, Bridgetown, Barbados,
2022: 1-6.

Yang L, Bai Y, Ren F, et al. Lcfnets: compensation
strategy for real-time semantic segmentation of au-
tonomous driving[J]. TEEE Transactions on Intelli-
gent Vehicles, 2024, 9(4): 4715-4729.

Zhou Z, Rahman Siddiquee M M, Tajbakhsh N, et
al. Unet+ +: a nested U-net architecture for medical
image segmentation[C] /Deep Learning in Medical
Image Analysis and Multimodal Learning for Clinical
Decision Support, Granada, Spain, 2018: 3-11.

Mo Y, Wu Y, Yang X, et al. Review the state—of-
the-art technologies of semantic segmentation based
on deep learning[J]. Neurocomputing, 2022, 493:
626-646.

Muhammad K, Hussain T, Ullah H, et al. Vision—
based semantic segmentation in scene understanding
for autonomous driving: recent achievements, chal-
lenges, and outlooks[J]. IEEE Transactions on Intel-
ligent Transportation Systems, 2022, 23(12): 22694~
22715.

Shelhamer E, Long J, Darrell T. Fully convolutional
networks for semantic segmentation[J]. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence,
2016, 39(4): 640-651.

Ronneberger O, Fischer P, Brox T. U-net: convolu-
tional networks for biomedical image segmentation
[C] /Medical Image Computing and Computer—
Assisted Intervention, 2015:
234-241.

Chen L C, Papandreou G, Kokkinos I, et al. Deep-

lab: semantic image segmentation with deep convolu-

Munich, Germany,

tional nets, atrous convolution, and fully connected
crfs[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2017, 40(4): 834-848.

Zhao H S, Shi J P, Qi X J, et al. Pyramid scene

(13]

[21]

Honolulu, USA, 2017: 6230-6239,.

Paszke A, Chaurasia A, Kim S, et al. Enet: a deep
neural network architecture for real-time semantic
segmentation[J/OL]. [2025-05-10]. https: //arxiv.
org/abs/1606. 02147

Yu C, Wang J, Peng C, et al. BiSeNet: bilateral seg-
mentation network for real-time semantic segmenta-
tion[C]//I’roceedings of the European Conference on
Computer Vision (ECCV), Munich, Germany, 2018:
334-349.

Peng J, Liu Y, Tang S, et al. Pp-liteseg: a superior
segmentation model[J/OL].
[2025-05-10]. https://arxiv. org/abs/2204. 02681

Xu J, Xiong Z, Bhattacharyya S P. PIDNet: a real—-

real-time  semantic

time semantic segmentation network inspired by PID
controllers[C]//Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition,
Vancouver, Canada, 2023: 19529-19539.

Takikawa T, Acuna D, Jampani V, et al. Gated—
SCNN: Gated shape cnns for semantic segmentation
[C] //Proceedings of the IEEE/CVF International
Conference on Computer Vision, Seoul, Korea,
2019: 5228-5237.

Yu L, Yao A, Duan J. Improving semantic segmen-
tation via decoupled body and edge information[J].
Entropy, 2023, 25(6): No. 891.

Ding L, Goshtasby A. On the Canny edge detector
[J]. Pattern Recognition, 2001, 34(3): 721-725.

Fan M, Lai S, Huang J, et al. Rethinking bisenet for
real-time semantic segmentation[C] //Proceedings of
the IEEE/CVF Conference on Computer Vision and
Pattern Recognition , Nashville, USA, 2021: 9711~
9720.

Niu Z, Zhong G, Yu H. A review on the attention
mechanism of deep learning[J].
2021, 452: 48-62.

Wang Q, Wu B, Zhu P, et al. ECA-Net: efficient
channel attention for deep convolutional neural net-
works[C] //Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition,
Seattle, USA, 2020: 11531-11539.
Cordts M, Omran M, Ramos S,

Neurocomputing,

et al. The
cityscapes dataset for semantic urban scene under-
standing[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition , Las Ve-

gas, USA, 2016: 3213-3223.



K5

% 9 E EF ATHGBENFHFRAEZELY> S FE

3041

[22]

(23]

[24]

Zhou Q, Wang L., Gao G, et al. Boundary-guided
lightweight semantic segmentation with multi-scale
semantic context[J]. IEEE Transactions on Multime-
dia, 2024, 26: 7887-7900.

Tk R ORGSR T R RS R W
RGB-D i X 43 #1551 [J/0L]. [2025-05-10]. https:
//doi. org/10. 13229/]. cnki. jdxbgxb. 20250159
Perazzi F, Pont-Tuset J, McWilliams B, et al. A
benchmark dataset and evaluation methodology for
video object segmentation[C] //Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition, Las Vegas, USA, 2016: 724-732.

Yu C, Gao C, Wang J, et al. Bisenet v2: bilateral
network with guided aggregation for real-time seman-

tic segmentation[J]. International Journal of Com-

puter Vision, 2021, 129: 3051-3068.

Han H Y, Chen Y C, Hsiao P Y, et al. Using
channel-wise attention for deep CNN based real-time
semantic segmentation with class—aware edge informa-
tion[J]. IEEE Transactions on Intelligent Transporta-
tion Systems, 2020, 22(2): 1041-1051.

Tsat T H, Tseng Y W. BiSeNet V3: bilateral seg-
mentation network with coordinate attention for real-
semantic segmentation[J]. Neurocomputing,

2023, 532: 33-42.
Liu Q, Wang C, Li Z, et al. Attention based light-

time

weight asymmetric network for real-time semantic
segmentation[J]. Engineering Applications of Artifi-
cial Intelligence, 2024, 130: No. 107736.



