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Figure 1. The example of visual tracking
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Table 1. An overview of deep visual tracking algorithms.
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Table 2. Comparison of benchmark datasets in visual tracking task.

HllEsE PRATES S g eSSl Je Yk MR AR o3 JEVINRIS
OTB2013"™" 51 578 30 10 11 J 16.4 434
OTB2015"" 100 590 30 16 11 ¥ 32.8 S

TColor-128* 128 429 30 27 11 ¥ 30.7 434
voT'® 60 AE 30 AE ANE & AE

NES™ 100 3830 240 17 9 ¥ 26.6 4350
UAV123"] 123 915 30 9 12 ¥ 62.5 434k
GOT-10K"" 10K 150 10 563 6 A -

TrackingNet'"! 31K 451 30 27 - H -
OxUvA 366 - - 2 - H 14. 3 /N
LaSOT'™ 1400 2,506 30 70 14 H 32.5 /A

WAL BN 1Z A A M 100 SR
BEAN, BRSO TR B AR s
RORISE 11 AR , 8 140 BT BR R 8 X AN ] 3 5
fIRET].

TColor-128 : Liang 25 T+ 2015 44 1 B Hi 4R
EI5F OTB i 88 HP A7 16 Ko A I BE AT, AS 1) 15 B
Y5 IEAL , TColor-128 BB S U T 128 MR AM
W, 27 NSRBI T A EE. Hoh 78 AP Bk
(), R4 50 SPAFSR 1 OTB2015. Horf, Bl it
PEAE AR B AR R B X 5 T A AR,

VOT: VOT B4 4E1°) [ifi 2013 4 & YR 2 I 2 H
PRILSE BRI L ST bR A, AR — M, kR B A R
VOT a4 =251 X 5 i B PR IR ES , I 64k L &5 3F
MRS PE LK i B AR BR R A PEBE. 28 4R
FITEN 205 DL B SR AN ], 24 IR 2R e i A
RIS BRI | IREE AR ER S AT, F AT
WG AL e 2R A6 I W YR B A B w0 B8 25 6 Tl — A
Gi— BRI BRI AR AR .

NFS : AR A 497 100 SR, 2 17 251
19 AN @ ORI TR AR SE 30 FPS AT RAE A
% NFS PR MUERIA R 240 FPS, # m B M 18 %)
PR AR ME R A R R B4R T 8 o R A %
WA AR 2L Mt B v A5 o B B B A 5.
AT — A 2B A X I 2R 4 5
E.

UAVI23 . B0 408 123 A4S T APLIA
FIAILAA, A 9 200 12 AN @k, iRk 30 FPS, A fHl
DAAE T ot 38 FH A [ bR 040 R B B0 4 , UAV 123 HiHis
SRR I TE AU, R A2 2 s R A
B B U AR bR £

GOT-10K ; H #4211 4 560 N2, 364 1 7

A, 7E HARIE 0 A | Yl LA B e 4R
MAMZEARE AT N R AN S R o, H 3 2 )
B EE. T2 UL 2B 52 B I 2R Al A
ARSI A T A, B ALE TG B bR R R
RS RBE , BV ES Sl 2R B B BRI i A AR ] 6 T
FRERER B AR SE 50 AT, 3R AT DL R B T 1k B fin e
FH AR TS5 AR 28 B s s 4.

TrackingNet ; W SE" " 40 &l ad 3 J7 04, 3%
A 27 A BRI, AR Fs S L DA AT
T ERERE AR B, A A E e SR b A T I 2R B2 Al
TRAER Sy, B 2 1) e T % BR AR RE k
FRBAINI B AT R 22 A > T BR R U ) U 2R B e A
R[]

OXUVA ; ILE R 427 405 366 AN, i Kol
if 14 /NS OxUVA L[ 1B XN i BR R B PR BB, K
S ERER , F T H AR S 9l 4 S LT, X BRI A%
HE A T S R, SIL R RS T3
KATERER VAR BE O FE A5 , A7 B T4 Bl 4K A BRI S
1) 5 .

LaSOT:LaSOT"*' J&3T 4F- 3k Fan %542 H 1) & bR
MBS 615 70 251 1400 D43 AN T AR R
P, 3 NGRS S A, & A S, 5
LR AT 4K BETE 2500 WiZe Ay, Sk I 25 2 Pk R
PE. TR BEE U B X R A A o DA 38 T 228K
MHTAIAE Y H AR R R A T RE.

AR R R R AR A A RO T HL AR PR S BT
BRSO PR M. PR R B
SR A TP ERER AR T I T ILAh 4R
R ) e RS IR £ Sk TR B R B v (R I 4
HE TR B,



338 T EAFHERRFFIR

%51 %

3 REREREX
3.1 REHEXIEHKERE

FHIUEN, %5 ( correlation filter, CF) il i 2% —1>
LA X437 B0 T 7 ofe A BT B B v R 0, G o 485
SR—A -  Zon H bR eI it AR [l 47 B i S
15 B . FH S8 8 25 480 358 AR FHAE B0 ARG I e 1)
JESR AU BT ) B2, 4538 7 AR A s Rl Pl A fie TR
ROR . A S0 B AH S U8 I 45 A F T4RRAE (40 HOG |
ColorName %) #1724 2], B I M e o 1 14 B AR,
T A SCUE I A 12 S ad B 5 LA TR AR, X 8t
FEACR LB S e T 3 R0, R 2 3 XA e 1
AHOCE AR VLA X AT S il 320 AU o J T Kt
F 58, # B B T fF {2 #5 SRDCE™ | BACF™' |
ASRCF ™ 45 HAx il 20 1L TR0 & AT 1 38 0 4 44 2
2J# (4 SRDCFdecon™" ) , Q] 5] ATH Z (115 515 &
(I CACF”" ) 4.

Bl TR 27 2T 1Y H 25 K TR 2 3 5 AR 0k Ik
W EZE T 2. RPN TS R A
AR Z WA B B 2 I 5 %) TR R AR AE (an R
ImageNet TR ZR) VGG BRI ) 5 DY 2804 T
g4y ORI T A HCF' 32 UK AN [ J2 O TR BERRAIE 2y
SIYINERAH U W 25 - HEAT AL EDRS (Rl = 2 18
SCRRIEXT T H AR S Rk fe AR 3, i fIG)2 pysi Y
FEIEAE A 20 im H AR SO JEARAEIR)Z 5 B A
[ FRUBE R P 08 08 1) 17 L S2E 47 A5, A S U0 0% 4 B 4
AR T IR EEARR. HCF (REZRIEIaNIE 2 B, 16542k
) TR, Anfar S 58 20 A PR BE AR AE A5 3 T i —2F
5T, 40 HDT™ B os 1 U] (4 38 R ik A8 45 REE
FRIE T B g FOAEE , MCCT ! B R 25 08 0k 7 1) 4%
FRRFESETAL A I P B 38 N Y9546

TRBEAHSCUE D 2 IR B AR Mk B9 T4 c-coT™™ il
ECO"" B T IR+t 5 Bt fE. C-COT Bk ol
ST T AN RO R RAE (9 503 R AR T i 5 25016 v 7
Pl B T L. AN [R) A% 50 1 R FH 4 P A K )
AIESA R A RS, C-COT SR T S AR (R g

weight |
CF1

weight 2
CF2

weight 3
CF3

2 HCF &M rEE

Figure 2. Framework illustration of HCF algorithm'’.
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Recent advance in deep visual object tracking
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Abstract; Visual object tracking is an important branch in computer visions. In recent years, with the
remarkable success of deep learning techniques, a series of deep tracking algorithms have emerged with
impressive performances. In this paper, we review the recent development of deep learning based
trackers. First, we revisit the development of tracking benchmarks in the last decade. These tracking
datasets not only comprehensively help evaluate the tracking algorithms but also largely support the model
training of deep trackers. Next, we discuss several representative tracking frameworks including deep
correlation filter tracking, classification-based tracking networks, Siamese tracking networks, gradient-
based tracking networks and Transformer based deep trackers. Finally, we conclude the paper and discuss
the potential future research directions of the visual tracking.

Keywords: deep visual tracking; benchmark datasets; correlation filter; classification-based tracking
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