42 K5 1M BRI AR EIR( 8 AA ) 2025 4 2 /1
Vol. 42 No. 1 J Chongqing Technol & Business Univ( Nat Sci Ed) Feb. 2025

il £ e PR RIS 2 7 DL Ay i 3L oy 15000

,%Z'ﬁ;—‘az 2!
| 2 H%BEIRF AN FE TSR, 2H Ed 232001
2. BT IR R R Z A 230022

i EHE FRILA G BARE U M A A B AR AR R AL Bk — A Bk S R S A2 E A AL
0935 B Sk, Jjik i FEAE DeeplabV3+ W & AR 25 My e i zh b 4% F) MobileNetV2 M 254 #: JR 44 M 44 A7) 4
#1849 Xception £ F W& MERETNEBEL S ENELEN ARV BERAKERTELE, RO 05%RE, R, A
TR R K EE AT 80 ilﬁﬁ%ﬂ- TG BANEE DR AERNEREREFIIRFRARECHE
B XE S RSB B AR RIFH /\'*'] R, ®RE, EMBERN %4iEA P 7] N BCE loss( Binary Cross
Entropy loss) #= Dice loss 4% 2k & B ARZE &, Am B W 2% 44 B ik ok, s AL A ﬁ%‘éﬁ AL, VA3 3 B AL 64 5 F) k.
ghm @At £ 2HE S PASCAL VOC2012 5236 3% ‘Liifiﬂﬂ BZHENIFERST 2248045, A4F Fkﬂ&-f
14.46 M, FE) B #3E % Cityscapes #9 E I 25 RALIGIE T 32 F ik 09 AR M 8518 AL 89 DeeplabV3+ P 45 B A1 42
LEAEAD B
aéiﬁﬂ & X452 ; DeeplabV3+; 22 2L W % 18 18 72 & A AUH] 5 47 Kk F 4
i 528 . TP391 SCHRER D A doi;10. 16055/]. issn. 1672-058X. 2025. 0001. 008

A Semantic Segmentation Algorithm Integrating Lightweight and Attention Mechanisms
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Abstract: Objective Considering the problems of low segmentation accuracy and a large number of parameters in existing
semantic image segmentation networks, a semantic segmentation algorithm integrating lightweight and attention mechanisms
was proposed. Methods The algorithm replaced the Xception backbone network of the original network model structure
with the MobileNetV2 network based on the DeeplabV3+ network model structure, and constructed a lightweight semantic
segmentation network structure, so as to reduce the number of model parameters and computational volume and improve
the segmentation speed. Additionally, an attention module mechanism was introduced during the encoding stage to
effectively capture correct features of focused semantic information, enabling the network to focus only on relevant points
during the learning process, thereby enhancing image segmentation accuracy and achieving satisfactory segmentation
results. Finally, BCE loss (binary cross entropy loss) and Dice loss functions were combined in the network model

training process to accelerate the rapid convergence of the network and better optimize the model, so as to improve the
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segmentation accuracy of the model. Results The experimental verification on the PASCAL VOC2012 dataset showed that

the segmentation accuracy of the algorithm was increased by 2. 82%, and the number of parameters was reduced by 14.46 M.

Furthermore, experimental results on the Cityscapes dataset confirmed the superiority of the proposed algorithm.

Conclusion The optimized DeeplabV3+ network model enhances the performance of the network model.

Keywords: semantic segmentation; DeeplabV3+; lightweight network; channel attention mechanism; loss function
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