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Fig.3 Diverse images in aerial object detection dataset
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Table 1 Comparison of experimental results between the
model in this paper and existing representative
algorithms on the VisDrone dataset
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Table 2 Comparison of experimental results between the
model in this paper and existing representative
algorithms on benchmark datasets

52l prRPS mAP/% mAP*/% mAP"/% i 1) /ms
Cascade R-CNN 98.6 89.4 99.2 105
Faster R-CNN 96.9 76.4 97.2 96
Libra R-CNN 89.1 76.4 89.3 95
RetinaNet 95.0 83.2 95.8 79
FCOS 90.1 83.3 92.5 164
YOLOV3 83.6 78.8 83.8 33
YOLOV7 97.0 82.2 87.6 21
Ours 98.1 89.5 98.5 41
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An Improved YOLOv7 Model for Small Aerial Object Detection

Dong Fengyu, Wei Zhenzhong
Beihang University, Beijing 100191, China

Abstract: Addressing the challenges of slow inference speed and limited detection accuracy in small airborne target
detection tasks, this paper investigated an enhanced detection algorithm grounded in the YOLOv7 model. Firstly, an
encompassing benchmark dataset for aircraft targets was established, encapsulating varying scales, orientations, and
weather conditions. Secondly, a novel detection approach was introduced, leveraging a generalized feature pyramid
network and Wasserstein distance metric within the YOLOv7 framework. Finally, comparative evaluations
encompassing public and self-constructed datasets validated the method against mainstream algorithms. The
enhanced model exhibited a 7.3% boost in small target detection precision on self-constructed datasets, alongside
accelerated inference speed surpassing mainstream counterparts. This research delivers a swift and highly precise
detection algorithm tailored for small airborne target detection, contributing significantly to advancing the application of
related algorithms in aerospace engineering.
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