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Adaptive Model Tracking Algorithm for Fast-Moving Targets in Video

Liu Zongda, Dong Liquan, Zhao Yuejin, Kong Linggin, Liu Ming
School of Optics and Photonics, Beijing Institute of Technology, Beijing 100081, China

Abstract To address the problem of target loss facing existing video tracking algorithms due to high mobility of
targets or rapid deformation of asymmetric rigid targets, this paper proposes a video tracking algorithm based on the
correlation filtering adaptive model and the redetection mechanism for average peak-to-correlation energy (APCE).
The adaptive model tracking algorithm can adjust the model in real time according to the clarity of the target area,
thereby effectively ensuring the accuracy of the target tracking model. Experimental results show that integrating
the adaptive model tracking algorithm into the discriminative scale space tracking (DSST) model can enhance the
tracking effect of the model on highly mobile or rapidly deforming objects. While guaranteeing tracking speed, the
integration also raises the average accuracy of the original DSST model by 18.3 percentage points and the success
rate by 15.2 percentage points. In addition, combining the adaptive tracking algorithm with the APCE redetection
mechanism can ensure the stability of the algorithm.

Key words  machine vision; target tracking; model update; adaptive model; correlation filter; redetection
mechanism
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Fig. 5 Response graph and maximum response value when tracking is good. (a) Response graph; (b) tracking effect graph
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Table 1 Performance analysis of different algorithms

Algorithm Ours LCT DSST KCF CSK TLD
precision /% 80. 8 75.6 53.2 63. 4 40.0 63.3

Fast motion
success rate /% 73.3 75.9 54.3 61.4 39.9 54.3
precision /% 81.1 73.2 48.7 62.1 29.3 53.0

Motion blue
success rate /% 71.0 78.0 50. 3 64.5 31.7 48.7
precision /% 87.7 84.0 56. 8 67.5 43.5 49.1

Rapid deformation _ _

success rate /% 4.7 82.5 65.3 56.5 35.9 43.2
Precision /% 87.6 85.3 69. 3 71.9 53.2 60. 3
Success rate /% 76.7 76.9 61.5 63.7 43.3 49.6
Speed /FPS 37.5 30. 4 40.5 48.1 26.9 21.7
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Fig. 14 Test results of our algorithm on the skier data set
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Fig. 16 OPE curve of our algorithm on the self-made data set. (a) Average precision; (b) success rate
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