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Small sample vehicle target recognition using component model for

unmanned aerial vehicle

NIU Yifeng, ZHU Yuting, LI Hongnan, WANG Chang, WU Lizhen
(College of Intelligence Science and Technology, National University of Defense Technology, Changsha 410073, China)

Abstract: Detecting and recognizing targets on the ground is one of the typical tasks of UAVs (unmanned aerial vehicles) , but it is limited by

the task particularity so that it is often difficult to obtain sufficient data about target samples to achieve highly reliable target recognition. In view of

this problem, a small-sample vehicle target recognition method based on the component model was proposed, which combined the cognitive

characteristics of human beings to improve the perception ability of ground targets. The possible region of the target was extracted by visual saliency

detection and objectness detection, and then the GrabCut segmentation method based on the Graph theory and the maximum between-class variance

was used to segment the target and to extract the components from the target. A component recognition method based on a probability map model

was used to perform component recognition by sparsely representing a component outline as a conditional random field and performing probabilistic

reasoning. The Bayesian-based target recognition method was used to determine whether the target was a vehicle. Verification on real images

captured by the UAV showed that the algorithm can detect and identify the vehicle target with high accuracy under the condition of fewer samples,

poorer illumination and certain occlusion. At the same time, the recognition method can achieve the effect of certain interpretability.
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Fig.1 Vehicle identification method based on component model
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Fig.3  Test results
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Fig.4 Comparison of vehicle segmentation results under less occlusion
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Fig.5 Comparison of vehicle segmentation results under most occlusion
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Fig.6  Comparison of vehicle segmentation results without occlusion
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y =2l ly=Dp(y=1)
p(x)
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p(window,, |y =1)p(window,,, |y =1) -
p(y=1) (12)
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Detection and segmentation results from different perspectives
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Bl 12 AR 2

Fig. 12 Vehicle detection and recognition results
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Tab.1 Recognition rate at different viewing angles and heights

ENGIEEE: 9] AN AV ES

EisEs T
B/m e G BTRR R R
5 0.81 0.93 0.78 0.68
10 0.85 0.94 0.77 0.72
15 0.83 0.88 0.74 0.70
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(a) Tac1 (b) 52
(a) Scene 1 (b) Scene 2
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Fig. 13 Different vehicles and different occlusion rates
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Tab.2 Comparison of recognition rates under

different occlusion rates

A SVM U515 A SR
oY 0.45 0.62
R PR 50% 0.43 0.56
PP 90% 0.24 0.23
TEIHERS 0.37 0.64
2RI 50% 0.34 0.46
WP 90% 0.20 0.19
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Mo Bl BEPE IG5 AR BT R, 2N
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