FASE HTH
2019 4F 7 H

H 3 b 2
ACTA AUTOMATICA SINICA

Vol. 45, No. 7
July, 2019

BARIRERE R LTiA
e SIS R R

B HARIREE— B DORAR T SIS U Y S 8 ), Rt hEE A\ TR REHOR Y ol & e, 23 HARERBR A5 2 1
MR B ZS 1 G, AR SO 3 HARIRER VAT T 4504, W55, 4T HARERER TR DAY DAL, I el iRk IRDIURA ) H A R RS
BT T 3 RUBM SR ERTIIA . BTSN SR I IR ER SR A SR TR 22 ST O BRER V. 31Ok, W — 28 h 2L R
EFRRIAI AR A TS B HERRAS L /4 20T PACEEAR. ddm, (] OTB-2013 Hdadets H AR BRESSREEAT I, Hxf4h
BT T, R T AR S5E: 1) M TR . Kalman, Meanshift 258550y, FH I VA B B0 B T b, SR 25
RITIERGE . 2) FA Z LR DA SR EERFE 36 B e 7E BREDRS BEJ7 THT A OR B4 3) (T SR 73 68 SE B R BB
BER. 4) RUBERY G LY LA BAS AL 4 SEOBTHL A th 532 i 2 BRSO

KA HARIRER, FRIEVERE, Meanshift, RUEAEAL, B Xk

SIAtE sk, M. HARIRERSASEA. A3k, 2019, 45(7): 1244-1260

DOI 10.16383/j.aas.c180277

A Survey of Object Tracking Algorithms

MENG Lu! YANG Xu!

Abstract Object tracking has always been a key issue in the computer vision field. Recently, with the rapid development
of artificial intelligence, the issue of moving object tracking has attracted more and more attention. This paper reviews
the main object tracking algorithms. Firstly, we introduce the common problems in object tracking and classify the
object tracking algorithms into three groups: early object tracking algorithms, kernelized correlation filters (KCF) object
tracking algorithms, deep learning object tracking algorithms. Then, according to the three groups, we introduce and
analyze many famous object tracking algorithms and their following improved versions. Finally, we analyze and compare
the performance from many object tracking algorithms using dataset OTB-2013, and conclude that: 1) Compared with
the optical flow method, Kalman, meanshift and other early algorithms, the tracking speed of KCF-based algorithms are
faster and the deep learning based algorithms have higher accuracy. 2) The tracking algorithms with multiple feature
fusion or deep features have higher tracking accuracy. 3) Powerful classifiers are the basis for good tracking results. 4)
Scale adaptation and updating mechanism also affect tracking accuracy.
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Table 1  Speed comparison of various object tracking algorithms
BT KU NE AUC FPS BT AUC FPS
MCPF(#3] 0.677 0.5 VITAL["8l 0.710 1.5
BACF[3] 0.645 35 ECOM1?! 0.709 6
LMCFI64 0.628 85 SANet /8] 0.677
LCT!65] 0.628 27 MDNet/[80] 0.670 1
SAMF!(16l 0.597 7 C-CcoTI(™ 0.659 0.3
DSST 0.554 24 ADNet 84 0.659 3
KCF4 0.551 172 HDTI®s] 0.654 10
CSK[3l 0.398 368 SRDCFdecon!®3] 0.653 1
MOSSE['2! 0.357 669 CF2(0l 0.562 11
ECO-HCI] 0.652 20 DeepLMCF64] 0.646 8
DeepSRDCF[62] 0.641 0.3
SiamFCI73] 0.612 58
DRTI®3] 0.581 0.4
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