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Abstract Compared with the traditional detectors, the detectors based on large data and deep learning do not

require manually designed features and are more robust.

Under the background of air defense, we build the images

and videos dataset of aerial target for training and test, improve the deep learning-based detector Faster R-CNN, and

specialize it in aerial target detection. Aiming at the peculiarities and requirements of aerial target detection, we

propose the strategies such as accumulation of dilation, regional amplification, local tagging, adaptive threshold and

spatio-temporal context to make up the shortage of Faster R-CNN that small weak or occluded targets can not be
detected and improve the detection speed and accuracy. Experimental results show that the improved Faster R-CNN
performs well under circumstances such as small weak or multiple targets, clutter, illumination changes, blur and

large-area occlusion. Compared to the original Faster R-CNN, the mean average precision is improved by 16.7% on

the built dataset, and the speed is 3 times faster.
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Table 1 Dataset of aerial targets
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M3 91.53 92.64 93.19 69.37 78.07 84.96
M4 98.72 99.37 97.42  98.61 99.76 98.78
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P, Mo fit M3 25 B Xt H L 454 2800 B9 AP {8 2 Tt
1%~ 60 » Horb S 2R At 5 AR 15 A4~ 28 51 v RUSE R X
BN B 2 ROR B BT, SR A 3 N I K
BT XA 5 B B B AR B IR B ARIE .

3 Mo FT M1 25585 ey B TR KRR 3R A
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Table 3 Result on test set2 %

Model Fighter Helicopter Aerobus Bird Others mAP

Mo 0 0 0 0 0 0
M1 54.05 68.66 62.26  39.61 85.36 61.99
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Fig. 8 Examples of detection results
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Fig. 9 Examples of detection results of M4
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Table 4 Detection performances on class aero of VOC
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T T S Y AR
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