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ABSTRACT

Object detectors, such as YOLOVS, achieve high performance on datasets that consist of objects in everday
scenes, like the COCO dataset. However, it shows poor performance in aerial images because the detectors did
not consider the size of the objects. First, the aerial images contain very tiny objects and these objects are
densely located in a image. Second, because of wide FOV, most of images has a lot of complex background
information. It makes object detector very difficult to recognize object and background. In this paper, we
propose an object detector that focuses on tiny objects with high resolution feature maps and attention
network. We densely located in a image. Second, because of wide FOV, most of images has a lot of complex
background information. It makes object detector very difficult to recognize object and background. In this
paper, we propose an object detector that focuses on tiny objects with high resolution feature maps and

attention network. We design SB network which is feature extractor through high resolution feature map. Also
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we adopted Triplet Attention to TA network for distinguish between objects and background. The proposed
YOLOVSI-TA network and achieves mAPF,; 11.2% higher than YOLOvVSI baseline network and 280%, 55%,

36.1%, 4.8% in mAP,, mAP,, mAP,, mAP, metrics.
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YOLOVv5I1 46.27TM 107.9G 65 312 17.1 0.5 4.0 11.9 26.8 40.8
YOLOV51-SB 0.32M 65G 67 15.6 6.2 12 42 9.3 8.2 1.5
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YOLOV5I-TA + HR 2.24M 8552G 9 29.6 14.1 1.4 6.6 15.7 22.8 7.1
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(b) Feature map for complex background and dense objects

10. The visualization of the YOLOVS5I-TA network feature map
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