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A scale-aware spatial long-term tracker based on moth-flame optimization
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Abstract; In view of the problems of target loss and low tracking accuracy due to scale transformation during long-
term UAV tracking, a scale-aware spatial tracker based on moth-flame optimization (MFO) was proposed. First,
the Gaussian initialization was used to replace the random initialization strategy of the original moth-flame
optimization algorithm, so as to reduce the high computational complexity and waste of computing power of the
optimization algorithm in the tracking problem. Second, on the basis of the characteristics of fast gradient
histogram, an improved moth-flame optimization tracker was constructed. Then, considering the problem of target
scale change under the long-term tracking of UAV aerial photography, a discriminative scale space tracking
(DSST) algorithm combined with adaptive scale transformation was designed. A scale-aware spatial tracker was
further proposed to solve the problem of tracking drift caused by the fixed aspect ratio of the scale filter. In
addition, the variation of the filter response peak value under different backgrounds was analyzed, and an index that
can reflect the tracking confidence under environmental changes was proposed. The moth-flame optimization
tracking framework was combined with the scale-aware spatial tracker through confidence, which can solve the
problems of scale change and target loss in long-term tracking. Finally, the performance of the algorithm was
verified on the UAV long-term tracking dataset. Results show that the proposed algorithm can effectively prevent the
occurrence of drift and improve the tracking efficiency. Compared with 12 similar algorithms in the tracking field,
the proposed algorithm can effectively solve the scale change and the target loss of the long-term UAV tracking, and
meet the requirement of real-time with high accuracy.
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Fig.1 Extracting the gradient histogram of the cell
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Tab.1 Real-time comparison of different algorithms

Bk BREZ LI BREFKEE U/ (s
CN 0.202 0 0.399 8 27
CSK 0.299 0 0.5390 216
KCF 0.301 0 0.507 8 172
{DSST 0.331 4 0.462 0 45
SAMF 0.483 2 0.708 4 19
DSST 0.378 0 0.614 2 23
ECO_HC 0.5328 0.711 0 37
AutoTrack 0.456 6 0.606 2 27
Staple_CA 0.336 6 0.526 8 36
Staple 0.350 6 0.558 8 47
BACF 0.373 8 0.508 0 35
LCT 0.340 8 0.549 2 24
MFO_SRAST 0.647 2 0.846 0 27
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