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Abstract: Video object tracking is an important research content in the field of computer vision, mainly studying
the tracking of objects with interest in video streams or image sequences. Video.object tracking has been widely
used in cameras and surveillance, driverless, precision guidance and other fields. Therefore, a comprehensive review
on video object tracking algorithms is of great significance. Firstly, according to different sources of challenges, the
challenges faced by video object tracking are classified into two aspects,.the objects’ factors and the backgrounds’
factors, and summed up respectively. Secondly, the typical video object tracking algorithms in recent years are
classified into correlation filtering video object tracking algorithms and deep learning video object tracking
algorithms. And further the correlation filtering video object tracking algorithms are classified into three categories:
kernel correlation filtering algorithms, scale adaptive correlation filtering algorithms and multi-feature fusion corre-
lation filtering algorithms. The ‘deep learning video object tracking algorithms are classified into two categories:
video object tracking algorithms based on siamese network and based on convolutional neural network. This paper

analyzes various algorithms from the aspects of research metivation, algorithm ideas, advantages and disadvantages.
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Then, the widely used datasets and evaluation indicators are introduced. Finally, this paper sums up the research and

looks forward to the development trends of video object tracking in the future.

Key words: computer vision; video object tracking; correlation filtering; deep learning
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Fig.1 Challenges of video object tracking
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Table 2 Video object tracking algorithms based on correlation filter
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Fig.2 Architecture of siamese network

ol ROBE 48 3, I DL [a) ROSF A4 988 3 27 10 7 38 R
DXIRHEAT MBI EL . P47 SCE T M @ (19 25 4 40
], 28I E A WG A i AR AT A ] Y 2 e
Je B B BRI Pk A B AR AU B2 e B g o, )
MK CDREIAAMUE o

T SiamRPN (siamese region proposal network ) 5 15 .
SiamRPN 574 5] A T3 X 38 A= 1 9 4% (region pro-
posal network, RPN) #2H , iZ M U T 14 5 i 2
FUBE ARG J7 5, 52 B T e K B2 BRI . RPN W 458 42 4
BG5S, T
X g3 H AR 5t , SEE00 H AR R I 432 5 8115 4332
FH T B bR 320 SEAE [0 05 F50 00, S 306 B bR 908 B



X2 % R B ARERE SR

1509

i o SiamMask B3P H br B ER 5 55461 43 R 25
Ak, 7E SiamRPN 53k (% B filf b X RPN #H i 17
TR M T B bR AR 03 3, 153 S R — A
P 2 28 I 2 75 31 B bR 9 S5 R R Hbs AR B i
— & 5¢ WL H bR B9 RS i 22 1 . C-RPN (siamese casca-
ded region proposal networks ) 5. 2" F] H RRAIE % A5
YA 2 )2 R0 1E , IF 8 fh & 5 9 RRAE B iy A 21 [
) RPN B e | R I 22 RPN B He 2 156 (1) J7 5 R A7 ik
T XA B | 12 5 s AN AT DL 3E 43 I R 2 R R RN
2 FHAE 38 0T LOKS i o35 H bR i BEAE A B
#r o SPM-Tracker (series-parallel matching tracker) 54
TRENRE LA B R PR ER 53 S WA B BE < A DT C B B R
FE A0 VT BC B B . FH B DT C B B R FH SiamRPN [ 2%
735 EUAR AR T P09 5 45 40 DL IC B B e i 9 2 4
AR A S AR A, 26 10 FLIE R H bR . SCHR[37]
1 SiamFC 1Y 2 fill 42 1 7 — il & 10 2 AL )
Ao W 2 A bR ER RS . R RS R
FIRUH, eh A 28 0 2 2 2] 55 A 145 %) 36 T AH S P R
25 [RIAH OGP | 38 KI5 DTk, 7060 SORRAE 42
2% FARFRAE B B3 3 o SCHR[381%1 ) SiamFC 7 ™
HEPS e O RS AR R AR AL A R N 45 5 i
SR S R DS A ), 4 T — ol il A Bl SRR R A A
e R EZY C Y T E R Y = R R N = R e
Do) 2% 412 ) 3 2 R R R IR U2 o SCARRAE 3R 47 A A0 il
G E TRHERAERE T s e Ah BT T B
L7 BURAAE AP0 3l 8% 0 Y 8 sk A Rl 7 =K
ARAT H brm 7 DLk SE I H AR ER

AT k20 BT A Y R B, SCRR[39] 4
T ARSI e, JF K S SiamFCHEZR 25 5
H A S A5E e e 5 2 i BR R H A I 7R 8 [A] B 2
BRAE A IE , B2 5 TR . O TR H AR
# M % , DaSiamRPN (distractor-aware siamese region
proposal network ) 525" Y 1 ALYy AR Y R
5T BARERS BAR R PR A REE ; W] 1 R -
2 JR A Z WS, 2 H AR B R R W, DL E s R
Sy rpt EOF R H AR, SE B BRER . DSiam (dyna-
mic siamese network ) Bk AT B ARER A W) 4%
TE SiamFC 4244 138 fin 18 48 27 3 2 S R FH AR Hi L
it % 27 20 B BRSNS Ak, 30361 8 e s T4, 4
K R B KS E . DCFNet(discriminant correlation filters
network ) 5572 Y T — B A% i gAY vt 3 g 1) 2% SR
o B A BN Sk 0 4 BN 26 AT R R 2 L, SR
J5 R AR G U8 & 2 01T B AR DLl R B . Ry 1 %

TR ER LA 2 2R H 5 R 2 0 8 iU R ) N 2%
R O U8 e 45 S ) T P 48 3 8 L R P R AT
TEMAFT Bt , DCFNet (1 B ER 3 B2 Al 35 60 frame/s, 5281
TSR EREE . CFNet(correlation filter network) 54 71
P& — A AEXTFR A P 45 Z8 A, B S YN ZRIEMER Fn el
G 28 M [ 14 26 U2 T T R R AR 4 SR 5 “ DI 25 &
1877380 32 AH G U D R 2 ) L AR AN, e A DG A5
PEXRT I R AT 2R B J ok S5 4630 B 7 2 1)
CFNet 0] D) Asg 47 b Y- 7 PR 5ORG B3 R0 PR B2 ok B3E , 7F BRI
KRGO T | PR ER U AT LA 3] 75 frame/s,
SCHR[45 15T X BRI H AR AE V- T PN e 1) m) it SR HAT 5
P T i A A AR ) 4% (rotation-equivariant siamese
networks, RE-SiamNets) , DL JC Wi & i) 75 XAk 11 B 5
e gy ) AR AL R o SR IR R . SCHR[46)% % B
AU AR R R bR FUHERS BE AN, HLRE
FRA T A B BOME LARS AR Y [a) B4R 1D T — RS B
i A R EE AR B FR M AR (alpha-refine) . i DA
2R D 25 B SRy SR A T 43 S ) G AR AR 145 R
DU R A AT R 42 B, SR 5 F1) R DG ASE B ik 47 4
TERLS 7 B R 2ok A ol i S 152 5 S H A RO 1Y 2
o L R R A S /N 30 FRE AT Db R R A TG
T ERZ MAE R AR TR A, xR R
AT REAR T BR R A, (B AR R4 5 o 4 i R
FRHESRAROC
2.1.3 R Mgl

P S B P A 2R A A X BT, H AR
TR AN 27 LR I 25 2 4 TR B2 I 2%
kBRI A RS B AR T, X R TR
JE 190 4% — i AR B S R (H R A R o A 4
Bk X (PEAIWNIER T A R P A Y 2 S )
BB R) B, SR [47]4 T PN AR BY Ak 25 PR T Ok 3 R
SiamRPN A4 GE , 12 7 1 M bR 1 52 EGT 2 4 52 el 1)
REIE IR B I 4% A 00 b, 1 FH 8 A A R I 4
B, SCHER (48148 T HA A PR N SR A SR R 1
SiamRPN-++5 7k | ISR WS 0T 1 fif e 1 0 78 B Aty
R 19 67 D52 e JRL R R T 22 SiamRPN I S I, 3
[ = R7 P2 PN 12
2.1.40 BT P 4%

R TR NS A3 MR 2R A P28 X FRAE L34, SA-
Siam (semantic features and appearance features siamese
network ) By P T3 T XU 28 AR W 4% i A H
PR ER AL o A R LA SO RITAINUL 43 S X 21
B, 18 S48 SO0 A R o SCRRIE ] T BB 42 AP



1510 Journal of Frontiers of Computer Science and Technology i+ BB ZE5HE R

2022, 16(7)

3 3O AR R A AREAE T T AHALLBE DEC . SiamBM
(better match in siamese network ) % 7% " /£ SA-Siam
VLR AN TR fa BRSO U H B Y e
B, SA-Siam++3H LI T — B I TR ORI AR U
X533 25 A O 24 1 B8 %, L3 32 I 4 3 1) s
SURUR IS GIBIERE = WILiIN k) G B SN A
2% R H SiamFC 55032 4 HUOM UL R AT 9 S0 08 43 52 )
BB T AE R IR R TR

I JUAR 356 T 282 I 2% 14 303k i T G ELARLfRT
R AT AR AR AR H bR ER R A0S B S T b Y &
& o R A R U R A R L T L R A
PET; T R ER AR X S AR LT P 0 B R T 2
P i R 3 SR A e it 5 1) A
2.2 JE TR W i H b R 5T 1k
22,1 BExE A BURh R A 45 4 il

SCHR[S214 0 T —Fh 28 TR B 2% 2 1) S 1) AL
%7 (deep learning support vector machines, DLSVM ) ,
2% BA R R FH PRI A5 3 0 4 a8 11 )11 25 1) 5 B 8 ) 4%
(convolutional neural network , CNN) X H 5 iE 1148 11F
PR, B SR AL e s AT R R . A
T EE RN GRS 7 ) S AR | IR I E —
FRRE 4 1A M ATRIOCR | (H R 6 ERGR
)5 P A 25 P 5% 1 P SR A R S P O
Al I8 ) T AR, 32 2 R R T B 43 28 O i 2R )
225, ZAZE N X, AR A H A R 85 DG T H AR S5 4]
595 SRl 22 5[] o o 00 5 ) 28 591 At 52 451 4
PRE T4, X BEIR T, SCHR[S3 142 T & X5 #il s B
s R B 1Y 22 4 FH A 22 ) 2% (multi-domain network,
MDNet) ., MDNet [ £ f5 2 £ jilt,— > 4k s 15 53 3
FoR N FAE W RS H AR B SRR i
IR RN, S E D B AR SE R . SCER
[S4142 T —Fp B T RPIR S5 44 /Y CNN IR ER S5V . %
BEAERER G A [F] 43 3 4E 4 24~ CNN 2%
JEXF CNN 28 A2 Jl i 285 SR AT AT 4 kAl B A
AN AR A o SCHR[SS]EE X MDNet 5. 1k R AF 25 511
) R4 T AT S 3K S S w3 ek 4 AR AR s B F
B RS s A SRR R e -
222 BRUBZR g 5 Al 2 B Y

SANet( structure-aware network ) 271594547 CNN
FIAIG 3 41 28 9 2% (recurrent neural network, RNN) , H
H1 CNN 5 8 [ 250, X 40 HAR2E 595 5, RNN f 5%
FKNBERE, X5 HERG] 5 AL T4 . Siam R-CNN
(siamese R-CNN) 55025 & 7 25 4= W 4% F11 Faster R-

CNN, Z2A: () 2% FH TR fiE $2 B, Faster R-CNN T
PEX I8 1., ATOM (accurate tracking by overlap maxi-
mization) 53 S45 & P J2 G 915 1% 44 T ToUNet
M 2 (intersection-over-union network )™, §ij# H T H
P REL W 2 A7, A R DX 3k, J5 3 T B Bkl 40 A7
AR BEAG 11 SCHK [6015F X 1A B EE 25 I 26 2244
D R AR R s B A R A R A i
T S 2B R 8 A7 IR ) R, B D — R A i ) B 22
) 2% 3 2 JE A4 (LightTrack ) o 12 2244 {7 FH i 25 R £ 28
¥4 & (neural architecture search) 7% H shi% iT44 =
PRIARY SR BT R R 0 2R A G oA B T R T 4%
1S FS R 0 2%, 1 T I 25 7F ImageNet 040 42 | i
A0S, SR 5 FI) DU 2500 2047 I, T Sk 350 A 9 2%
D) T A I i R A T I o B A e P 4 I 25
— WK, AR 5 A 3 SRR L DA R I 4% v 4k R AL
B BLAP IR T A F s ] R AR
R REI SN AR IR ER PR A5 L
AR Z A T BT 0~ A o

FE T PR PR 2 28 0 HLATT A BRI G507 FROAR AT
DI AN ) 1) 0 25 R A8 B BBOAS W) R B2 1) B bR AR AT
HJ2 BT 28 5000 e K A S U & iR
PR R AR M 38 R AR, P AR e O BR R A B
S EE AR X,

3 A% H b B ES ROH B0 S R o i 5 b
3.0 % E b EUER E T B R

b 2 XA H A R R SRk Y IR A 5%, % 58 1 5K
TR C AT A RO ARSI 25 5 PEfE otk FE
N AR T 8T 2 i 1 B A . s SRR AR IR TR
A SRl Ak B PERE , itk — e sh T AL B AR
PR R RS, T LRSS 2 SR B s 4 S Ry
Ao R 3 I RAR [RI 2R 25 TR FH R R B A B 5
(R 8, Hoh Bl 4 045 : OTB=2013" | OTB-2015
VOT2013"  VOT2014"*, VOT2015"“", VOT2016'
VOT2017"", VOT2018“" ¥V OT2019"", UAV 123"
UAV20L™  TrackingNet™ GOT-10K™ LaSOT™,
3.2 #B H bs UL OF B 65 b

Wi 5 50205 51 1) AN DRI BRI, N A o 5 P 4
Pt 76 AN 52 3, D0 S A PEA 8 B T LUTE A - % 00
o S WSR2 o FE LA E A BR R Bk b B w
FITEN A8 R MG R BE SE T L )y 25 A0 R B 3 45

A B EE (precision plot) EZ VAL & B Fr iho 7
BRI H RO 07 B E AR AR O



X2 % R B ARERE SR

1511

463 BB E b 0L B D 08 B

Table 3 Datasets widely used in field of video object tracking
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