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Vehicle orientation scene recognition based on global-local attention

Zhai Yongjie' Liu Xuan' Wang Xinying' Wang Qianming' Liu Jinlong®
(1. School of Control and Computer Engineering, North China Electric Power University,Baoding 071003, China;
2. Bangbang Automobile Sales and Service (Beijing) Co. , Ltd. ,Beijing 100020, China)

Abstract: To address issues such as confusion in distinguishing left-right and front-back categories due to similar
features in current vehicle orientation scene recognition tasks, we proposed a vehicle orientation scene recognition
method that integrates global-local attention. We introduced the concept of multi-view vehicle scenes, utilized OSMNet
for feature extraction and scene classification, and developed a global-local attention module to focus on key areas across
different orientation scenes for effective spatial orientation learning. Additionally, we designed a global-local positional
attention module to address overlapping class distances between certain vehicle orientation scenes. Experiments on an 8-
class scene dataset demonstrated that our D-CBAM and HGLP modules effectively enhanced the capture of global and
local information in feature maps, improving model recognition accuracy by 3.54% and 4.22%, respectively, in
ablation studies. Comparative experiments showed that our model achieved an accuracy of 95.49% , which is 5.46%
higher than the baseline model. Overall, our model outperformed other classification models in recognizing most
orientations better than the baseline model. These results demonstrate that our improved classification model effectively
learns vehicle orientation information, bridging the gap for matching images from distant, intermediate, and near
perspectives. and laying a foundation for tasks such as multi-part vehicle detection and segmentation.
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Fig. 1 Application scenarios of vehicle orientation scene recognition
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Fig. 2 Overall network architecture of OSMNet
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Fig. 3 Multi-orientation vehicle scenes
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Table 3 Ablation experiment results
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Table 4 Insertion position ablation experiment
e BBl BB2 BB B4 Ace/%
1 NG 92. 17
2 NG 93. 84
3 NG 93. 52
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Fig. 8 Accuracy curves with different learning rates
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Table 5 Model complexity and computational efficiency

evaluation experiment

ik Param/ FLOPs/ % HER R F
' MG R/ s
Baseline 42.52 15.63  13.49 0. 31
OSMNet(A& ) 49.09 17. 38 13.92 0. 33

LA TR 5 WIS R LLE H, OSMNet #5710 (1) 244
Bt 1T a3 B e W o T R AR TR (0 G 91 e B (] A 5R
L 4 BB i) - A 8. 25 184 o 3 9 W AR SRk 19 38 B 0K
HE A% 1l 2 S5 B N 75 oK
3.5 EHE#HEEE R

T IS EAS SO 4 S M AR SCHE TR £ 5 L S
Pt BSCHL T Z R oy SRR IE RS T X L A — S AR B
T2 W 4% 41 Vggl6™ | Resnetl017*' | Efficientnetv2™ |
Regnet™ | ConvNeXt™ Fl — 86 3 47 #Y Transformer 75 ¥ Ul
Vision Transformer, Swin Transformer™ . MobileViT"" |

Maxvit- ™ IR Z R 6 PR,

R6 HEHBEEMREXL

Table 6 Performance comparison with State-of-the-Art algorithms %
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Fig. 9 Visualization results of saliency maps
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