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Abstract: Aiming at the problems of track interruption and ID jump in the battlefield perception from the
perspective of military UAVs, this paper proposes a ground multi-target tracking algorithm VA-
ByteTrack based on the perspective of UAVs. First, EfficientFormerV2 network was used as the back-
bone network of detector YOLOX, and CBAM attention mechanism was added to the output to improve
the feature extraction capability of detector for small-size targets, and to solve the problem of track inter-
ruption caused by fuzzy features of small targets. Secondly, by introducing motion matching cost IOU and
detection confidence S, an adaptive Kalman filter AKF based on sigmoid function is constructed to balance

the different covariance requirements of high-score detection boxes and low-score detection boxes, and to
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solve the problem of frequent ID jump caused by dense targets and mutual occlusion. Experimental results

show that compared with mainstream methods such as SORT, DeepSORT and ByteTrack, the tracking

accuracy of the proposed method is increased by 1.7, 1.4 and 1.0 percent point, the tracking accuracy is

increased by 0.7, 0.5 and 1.9 percent point, and the track interruption problem is reduced by 49.4%,
7.7% and 7.2%, respectively. The ID jump problem is reduced by 46.3%, 15.9% and 12. 1% respec-

tively, which meets the actual demand of battlefield dynamic perception.

Key words: multi-military target tracking; perspective of UAV ; adaptive Kalman filtering; object detection
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Tab.3 Comparison of ablation results
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Fig.7 Intensive environment tracking effect comparison
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