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Vehicle Generation in Aerial Scenes
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Abstract ; With the introduction of intelligent transportation , aerial vehicle detection combined with UAV has more and more applications.

At present,in terms of vehicle detection, CNN-based target detection methods, such as faster—rcnn, yolo, have reached a high level , but

there is still a problem that a large amount of labeled data needs to be collected for training. It is a feasible solution to obtain training

samples by image generation. However,the general generated model can only generate vehicles without background information, or it can

only fit the background and generate vehicle with severe distortion. Based on pix2pixGAN, we propose a multi—condition constrained

generation adversarial network to generate vehicles with positional annotation information in real aerial scene images. The noise region

preset in the image is perfectly converted into a vehicle image by constraining the fitting of the background and the generation of the

vehicle in the image by respectively setting up a multi—discriminator in the generation confrontation network. The comparison experiment

shows that the proposed vehicle generation model can generate a more realistic vehicle in the aerial image.
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