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UAV target tracking algorithm based on adaptive spatial-temporal
regularization
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(1. College of Information technology, Taizhou Polytechnic College, Taizhou , Jiangsu 225300, China; 2. School of
Computer Science and Technology , Soochow University,Suzhou, Jiangsu 215006, China)

Abstract;: Aiming at the problem that the target resolution in unmanned aerial vehicle (UAV ) tracking
scene is low and it is difficult to track the target robustly due to the influence of UAV flight attitude,
speed change and other factors, an adaptive spatial-temporal regularization algorithm for UAV target
tracking is proposed. Based on the spatial temporal regularized correlation filter (STRCF) algorithm, the
cost of spatial regularity in AutoTrack is introduced,and the spatial-temporal regularization parameters
are dynamically updated online by using the peak side lobe ratio and local response variation vector to
improve the accuracy of the tracker. Occlusion processing module is embedded in the tracker to solve the
tracking drift problem after the target is occluded. Experimental results on several UAV benchmark
datasets show that the proposed algorithm has higher accuracy and faster processing speed than the
benchmark algorithm Autotrack. The tracking accuracy and speed of DTB70 data set are improved by 1.
5% and 74. 4% respectively. In the classification comparison of nine attributes on UAVDT data set, this
algorithm achieves high performance on seven attributes,such as scale variation (SV) ,object blur (OB) ,
etc. It can be seen that this algorithm can better meet the requirements of UAV applications.
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Fig. 1 Distance accuracy plot and success rate plot of eight algorithms in DTB70
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Tab.2 Multi attributes comparison results on UAVDT dataset

Attributes SO SV OM OB LO LV CM BC LTR
Ours 0.854 0.644 0.669 0.783 0.524 0.807 0.699 0.647  0.879
AutoTrack 0.851 0.636 0.662 0.776  0.522 0.804 0.696 0.647  0.880
STRCF 0.791 0.574 0.585 0.716 0.442 0.729 0.618 0.568 0.830
ECO_HC 0.808 0.619 0.637 0.712 0.521 0.743 0.667 0.652 0.924
BACF 0.815 0.604 0.635 0.743 0.487 0.775 0.648 0.633  0.886
Staple_CA 0. 839 621  0.649 756  0.493  0.805 0.688  0.623 0.945
SAMF 0.666  0.451 0.470 0.649 0.353 0.669 0.577  0.493  0.694
{DSST 0.833 0.552 0.583 0.703  0.483 0.743 0.683 0.592  0.863
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Tab.3 Experimental results on UAV123_10fps

Tracker FPS Accuracy
Ours 44. 8 0.670
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SAMF 8.6 0.471

4.5 THEER

AT EHWRRA AR B R B 5 /il TA
HE S AutoTrack . STRCF.ECO_HC,.BACF % 4
FpEEAE 3 AN 7 B A R B A R e A L X 3 AN LA
R DTB70 7 1y BMX3_1 ., ChasingDrones_1 &

0.8
0.7
0.6
2 05
8 N
2 0.4 | —— AutoTrack[0.476] %,
2 ~¢ - Our [0.472] x
A 03 | -x- ECO_HC [0457]
—8— STRCF[0.456]
0.2 | —# - Staple_ CA[0.420]
..e... BACF [0.413]
0.1 } —0— fDSST[0.379]
—% - SAMF [0.330]
0.0 A A A " i A A A A )
0.0 0.1 02 03 04 05 06 0.7 08 09 1.0

Overlapping threshold
(b) Success rate comparison

4 8 FEETE UAVI23_10fps i B 25 45 A h £k B F0 A T 2 i 22 (B

Fig. 4 Distance accuracy curve and success rate curve of eight algorithms in UAV123_10fps
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Fig. 5 Comparison of tracking results of five algorithms in three video sequence
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