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A Multi-Resolution Image Object Detection Algorithm

DU Linlin, ZHANG Yu, TANG Yu. MA Jingjing

(Systems Engineering Institute, Academy of Military Science, PLA, Beijing 100010, China)

Abstract: To address the challenges of large image resolution and target scale variations in remote
sensing images, this work proposes a target detection algorithm based on multi-resolution images.
The adaptive feature pyramid and lightweight classification prediction module are improved. By u-
sing attention mechanisms, we extract semantic information from feature maps at different levels,
introduce a method for predicting target scale to analyze the distribution and scale information of
targets in the images. The algorithm is experimentally validated on the DOTA dataset. With two
different backbone network settings, U-Net and ResNet-34, the recall rates and the detection
speeds both surpassing the RPN algorithm. The proposed multi-resolution image target detection
algorithm effectively improves detection accuracy while reducing computational complexity.
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Fig. 1 Adaptive feature map fusion module
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Fig. 2 Lightweight classification prediction module
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Fig. 3 Scale prediction neural network
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Fig. 4 Scale prediction result
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Fig. 5 Candidate detection region generation algorithm
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