$40 % 519 5= = 4 Vol. 40, No. 19
2020 4 10 A Acta Optica Sinica October, 2020

e AV 52 Siamese 15 12 H bR 52
EWETT, RER, RAEVL, ERE

Uep B A g T B D B AR R RS TR B AR E B A, JEAT 1001905
P E B BE K2R, b AT 100049

WE MELANBEAEESE RASIEN ZEH. Sl E RESRLCANBRERENFTREARIHEZ,
BT3¢ I ANALER BR AT 55 v B An RO AR A6 R JHU ST i B 2278 GIERS SE ), S L 1 — Fi i TR i 9 Siamese 12807 M 4%
B TE A MLSE I BR B 0k ﬁf‘a,J_HSLEJ%%%T#ATW%FPB‘JF%%&%%”?M%W% MobileNet V2 1 R4k $2 B
F TGS e BT 38 I A R B () A, B SR ARE A 1) 3 R R 5 ) S BB s SR L K S T 4%, T it
R 2% A IR S T 37 0 2SN 32 S HE [l 0w [R5 g S 0 AL R 22 2 i R R A B DX 8 R SR L TH R4 B
o0 VR A R B 2 R . e JC PR B B AR L B ST G A S R L A T i E VS Siam RPN % B kIR RS
BESRTFT 3.5% . BETH 4 M N W) 58 28 2 A5 () 37 5 . RIS, 7E NIVIDA RTX 2060 GPU |, B i 3 B35 3 60 frame/s,
KR HLESALHE; HARIEES ;s Siamese %% ; MobileNet; @I VEE J1; 25T E 1 hETEEH

RESES TP391; V279 XHEFRERS A doi: 10.3788/A05202040.1915001

Light-Weight Siamese Attention Network Object Tracking for
Unmanned Aerial Vehicle

Cui Zhoujuan"?", An Junshe', Zhang Yufeng'*, Cui Tianshu"’
' Key Laboratory of Electronics and Information Technology for Space Systems, National Space Science Center,
Chinese Academy of Sciences, Beijing 100190, China ;
! University of Chinese Academy of Sciences, Beijing 100049, China

Abstract With the widespread use of unmanned aerial vehicle (UAV) technology in military, civilian, and other
fields, the demand for high-precision, low-power intelligent UAV tracking systems is also increasing. Aiming at the
problems of scale variation, out-of-view, and occlusion in UAV tracking tasks, a real-time tracking algorithm for
UAYV based on light-weight Siamese network was proposed. Firstly, the lightweight convolutional neural network
MobileNetV2, which is easy to be deployed in embedded devices, is selected as the feature extraction backbone
network. Secondly, the channel spatial coordination attention module is designed to enhance the adaptive and
discriminative ability of the model. Thirdly, the region proposal network is equipped, and the foreground
background classification and boundary box regression response map are obtained through correlation. Finally, the
weighted fusion multilayer response map is calculated and proposal region screening strategy is adjusted to obtain
more accurate tracking results. Simulation experimental results on the UAV tracking dataset show that the tracking
accuracy is improved by 3.5% compared to the current mainstream algorithm SiamRPN, and the algorithm can
better cope with complex and changeable scenes. Meanwhile, on the NIVIDA RTX 2060 GPU, the tracking speed
achieves 60 frame/s.
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Fig. 1 Framework of Siamese network with channel spatial coordination attention module
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Precision plots of OPE-scale variation (109)

Precision plots of OPE-aspect ration change (68)

Precision plots of OPE-low resolution (48)
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