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UAY Visual Target Tracking Algorithms: Review and Future Prospect

CHEN Lin LIU Yungang

School of Control Science and Engineering Shandong University Jinan 250061 China

Abstract Keywords
In recent years due to unmanned aerial vehicles ( UAV) characteristics such as flexibility unmanned aerial vehicle;
intelligence and autonomy UAYV has been widely used in military and civilian applications espe— target tracking;
cially the primary target tracking task in search and surveillance. However due to the complexity correlation filtering;
of the scene environment and the variability of the moving targets in UAV visual target tracking it deep learning

is difficult to extract features and formulate a model for the target bringing a significant challenge
to the tracking performance. Therefore we provide a review of UAV visual target tracking. First

we present the current state of researching visual target tracking review the classical and latest
tracking algorithms especially those based on correlation filtering and deep learning and compare
the advantages and disadvantages of different algorithms. Then we summarize the commonly-used
UAV target tracking datasets and evaluation metrics. Finally we present a prospect of the future

directions for developing UAV visual target tracking algorithms.
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Tab.1  Algorithm abbreviation explanation table
MOSSE " minimum output sum of squared error
SAMF " scale adaptive with multiple features tracker
CSK ¥ circulant structure of tracking-by-detection
with kernels
12-13 14-16 DSST discriminative scale space tracker
KCF * kernel correlation filter
2 spatially regularized discriminative
SRDCF correlation filters
° BACF * background-aware correlation filter
STRCF * spatialtemporal regularized correlation filter
ARCF * aberrance repressed correlation filter
° BiCF » bidirectional incongruity-aware correlation filter
AutoTrack *  automatic spatio-temporal regularization tracker
MDNet * multi-domain network
ADNet * action-decision network
SiamFC * fully-convolutional Siamese network
o CFNet ¥ correlation filter networks
VITAL ™ visual tracking via adversarial learning
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Tab.1 ( continued) R
38
DSiam * dynamic Siamese network Azrad
SiamRPN * Siamese region proposal network

distractor-aware Siamese region
DaSiamRPN *
proposal networks . Chen 39

SiamDW ** deeper and wider Siamese networks

- Hu
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. 41
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Fig.1 Classification framework of object tracking algorithm
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Tab.2  Comparison of CF tracking algorithms and their performance conducted on UAV123
I(Is)
DSST * BMVC 2014 HOG 85.43 0.586
SAMF ECCV 2014 HOG + CN 10.05 0.597
KCF * TPAMI 2015 HOG 611.65 0.523
SRDCF * ICCV 2015 HOG 11.08 0.676
BACF * ICCV 2017 HOG 43.45 0.660
STRCF * CVPR 2018 HOG + CN + Grayscale 22.58 0.681
ARCF * ICCV 2019 HOG + CN + Grayscale 40.36 0.667
AutoTrack * CVPR2020 HOG + CN + Grayscale 48.21 0.689
AutoTrack
2 o SAMF. STRCF. ARCF  AutoTrack
HOG( histogram of oriented gradient) . CN( color names)
( Grayscale) 2 o

SRDCF. BACF. STRCF. ARCF  AutoTrack (30 /s)
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Tab.3  Comparison of tracking algorithms based on deep learning
/( CPU/GPU
SiamFC * ECCVW 2016 AlexNet 58 Intel 174790K 4.00GHz CPU/GTX Tian X GPU Matlab
SiamRPN ** CVPR 2018 AlexNet 160 Intel 17 CPU 12GB RAM/GTX 1060 GPU Python
DaSiamRPN * ECCV 2018 AlexNet 160 Intel 17 CPU 48GB RAM/GTX Tian X GPU Python
SiamRPN ++ *  CVPR 2019 ResNet-50 35 N/A/Titan Xp Pascal GPU Python
SiamDW *  CVPR 2019 ResNet - Intel Xeon 2.40GHz CPU/GTX 1080 GPU Python
ResNextInception
SiamFC ++ AAAI 2020 GoogleNet 90 N/A/NVIDIA RTX 2080Ti GPU Python
3 xER255><255><3
GPU GPU o
° P
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Python o o z H @ /-\
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Fig.2 SiamFC tracking algorithm framework
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Tab.4  Comparison of UAV target tracking datasets

VIVID * 2005 9 - -
UAVI23 2016 123 113 k 12
UAV20L *! 2016 UAVI123 20 59 k 12
DTB70 * 2017 7s 70 15 k 11
BUAA-PRO * 2018 150 8.7 k 12
UAVDT * 2018 50 80 k 9
VisDrone2018—2020 *  2018—2020 Vision Meets Drone: A Challenge 132 1064k 12
VisDrone2019—2020L *  2019—2020 Vision Meets Drone: A Challenge 25 826k 12
Small-90 ** 2020 90 - 11
Small412 *° 2020 Small-90 22 112 - 11
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