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Advances in Correlation Filter-based Object
Tracking Algorithms: A Review

MENG Xiaoyan, DUAN Jianmin
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract; In the field of object tracking, the discriminant method based on correlation filter theory has
made a series of advances and becomes a hot research topic because of its efficiency and robustness. The
current research statuses of the tracking field were reviewed to allow more scholars to explore the theory
and development of correlation filter-based trackers. First, the correlation filter theory and the general
framework for object tracking were introduced, and the classical kernelized correlation filter was described
in detail. Second, the difficulties of object tracking technology when applied in the real application were
discussed, and the main difficulties of feature representation and adaptive scale updating were analyzed in
detail. Then, the representative algorithms were analyzed and discussed from the four categories of basic
correlation filter, part correlation filter, regularized correlation filter, and Siamese network correlation
filter, and the possible future development trend was pointed out. Finally, 32 types of correlation filter-

based trackers were compared in terms of accuracy, success rate and frame rate on the OTB2013 and
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OTB100 standard data sets, and 10 types of correlation filter-based trackers were compared in terms of

EAO, and the accuracy and robustness on the VOT2017 data set, further indicated the advantages of

correlation filter tracking algorithms. The research on correlation filter theory has extensive applications in

the object tracking field. However, it is still a challenging research direction due to the influence of

complex scenes and their own factors. Developing a highly efficient and robust correlation filter tracker is

considered significant.

Key words: computer vision; object tracking; correlation filter; feature representation; scale updating;

siamese network ; performance indicator
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Fig.5 Algorithm framework of CSR-DCF
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Fig.6  Visualization of the training set representation in the baseline ECO and C-COT
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Fig.7  Algorithm framework of RPAC
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Fig.8  Algorithm framework of DPCF
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Fig.9  Algorithm frameworks of SiameseFC and CFNet
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Table 1 Network parameters of SiameseFC

i HA W%
é 7 K ‘% ‘ﬁ
REE w2 mg ome

127 x127 255 x255 %3

HBRZE1 96 x3 2 59x59  123x123  x96
ALz 1 2 29x29  61x61  x96
BAUZ2 256x48 1 25x25 57 x57  x256
Ak 2 2 12x12  28x28  x256
HRJZ3 384 x256 1 10x10  26x26  x192
LRIZ4 384x192 1 8 x8 24 x24  x192
LBRZES5 256 x192 1 6 x6 22x22  x128

VE R VE A BR B B v vh i) — R A SR M T 12, 28
Az P 235 R B A A EL A B SIS A T BRSO
FEVCPC IR A B i = FE 2635 N e 7, e DLl $2 R
Erd AR HAR AT 5tk AR B 22k AR KRR B 1 PR
TR R RS B RE. B IX — R BE, SCHR [ 76 ] 72
SiameseFC HEZR Y EEAN 3G 0 1 H bR & WL AS i 5 4
S S R 2 AR T B AR A M2
Dsiam' "7 JREEJ7 V5. Dsiam B LM EE5THR M. 1)
I3 BITEREAR 3 SR 2R I3 305 | AN e A J2
AR 2 AR T TR R Z BB T). 2)
N T B ARAE L B 0 T SRR ™ AR i B R e O
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Fig. 10 Algorithm framework of CREST

S55 TR B A PR IR A AR S0 25 7 o B0 B B0
PP IBUS T R AR RSt (H 2 5 FTORES 7 1Y B R g
R BNV , 1T 2.0 1 AR 6] 1)z 2 15 2.
B X 3 — [a) 8, SCHR [ 80 ] 42 th T Ot A BR ER AR
FlowTrack. 5 ZRiF| IS HEAHGHAR B H TR
BRANTR] VR R SR I warp $RAF FFAERLS FH G
DB A SFRAE T — A2 I 54T end-to-end Y14
LSk, 2K Siamese HESL, 43R I 52 43 3 F1 24
33 AR 5253 3 HEA T G A S HRORT warp | 7824
HiIor 3 R TRAE 4R B 7RG BB, it 17—
10 e = W I W e e A T - w2 TR
KU, I ERFHZEML SENet (197 s0E EALE. 58 4T
TERE Z 5 W D0 52 4 SRS I 3 S 0 it — ik A
CF JZ# 47125 15 B A B BRER 5 2R

B 2 A A Siamese [ £% T 125 B IF 3
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Table 2 Details of different benchmarks

/MR R TR

RfEREE  PS DL

0TB2013 50 71 3872 29491 http // cvlab. hanyang. ac. kr/tracker_benchmark/datasets. html
OTB100 100 71 3872 59 040 http ; // cvlab. hanyang. ac. kr/tracker_benchmark/datasets. html
VOT2017 60 41 1500 21356 http ; // www. votchallenge. net/vot2017/

4.1 OTB EAEHIEE
4.1.1 OTB2013 1 OTB100 %44

OTB2013 FAEEEAE th 50 Bty A br i Js vk 1
PATFE S B, Al e PEARER T B3 St rh PUAT IR
B AT 55 I 25 38 3 1Y B B HE R, 43 ) 2 O IR A Ak
(illumination variation, IV ). R B 2% {k ( scale
variation, SV ). M 4 ( occlusion, OCC )., & A&
( deformation, DEF) iz B # ( motion blur, MB) Rt

Hiz 3l (fast motion, FM ) | F i N i€ #% ( in-plane
rotation, IPR ) | *F- Tf] &} Ji€ §% ( out-of-plane rotation,
OPR) % H4 ¥ 57 ¥ Fl ( out-of-view, OV ) K43 HE K
(low resolution, LR ) I #F & 4% &L ( background
clutters,BC). SCHk[82]7E OTB2013 fy 3Lk I X 4k
PRAEHEAT T 9 R B 50 Be g 7 51 34 im %] T 100
Bt OTB2013 2 ofis i dfs 4 i) DLAR 7 51 S 7 ) 11
e A 9 R R AR IC T O AN 3 s,

11 OTB2013 JEHERCHR A I DA 51)
Video sequences of OTB2013 benchmark dataset

Fig. 11

4.1.2  OTB WA 4R
R TV ERER AR M RE, SCHER[ 81 ] R 2 Fh
AXFTHPEATEE . —F 25 B2 (precision rate) , 1
DL B 1R 2 (center location error, CLE ) J&— Fp £l &
PREFHRE FERIPEM FE AR, 8 SO BB ER H A hoO 7 &
B b TG AR TR AP R B 5 — o i 2 3
(success rate) , 7R FHHE 5 b T EL(EAE 22 (8] 14 5
B T TOE B S, WA BRER L. R R R
PRI LD A R o5 ) L), EE S R R A

lr,Nr,|

- lr,Ur,|

(9)

A A ERERHE - M EAEHE; N AW E HESWX
W U W 03 55 XL BRUb 2 A, FORS A 1A
(precision plot) FlELII & (success plot ) AL B EE
AR PERE. RTER RE ] R T R — 2 3 FE P
PORERE A5 oh B (E L 20, A ) 2R P 3R g (i A —
JE U R N B S AORS JBE, eh 2T A0 T AR DT A B B
frtERE. —MRPAG R Y R IAER 1 WUy B AL
BEWIR IR RS TR 9 iz AT 15 311
KGEE F0RL ) 22 IF 2 U — I PFAG {H ( one-pass
evaluation, OPE) . #R1M, 8 B2 48 X3 97 45 1k 19 S50 P
S CNGLVEIL G A S S A I NI SN = S S i
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Table 3 Tag attribute of the video sequences on OTB2013

BRI BN priclm B2IEN bricis

Basketball IV ,0CC DEF OPR ,BC Biker SV.0CC MB FM ,OPR OV
Birdl FM OV .DEF BlurBody SV .DEF MB FM IPR
BlurFace MB .FM IPR BlurOwL. SV .MB FM IPR

Bolt OCC DEF \IPR .OPR Box IV SV 0CC MB.IPR OPR
Carl IV .SV MB .FM BC.LR Card IV SV

CarDark IV BC Carscale SV.0CC.FM IPR OPR
ClifBar SV.0CC MB FM IPR OV BlurCar2 SV MB .FM

Couple SV .DEF .[FM OPR .BC Crowds IV .DEF .BC

David IV SV 0CC .DEF MB JPR OPR Deer MB FM IPR BC LR
Diving SV .DEF IPR Woman IV SV 0CC .DEF MB .FM OPR
DragonBaby SV.0CC MB FM IPR ,OPR OV Dudek SV .0CC.,DEF ,FM .IPR ,OPR 0V
Football OCC.IPR ,OPR BC Freeman4 SV.0CC.IPR ,OPR

Girl SV .0CC . IPR ,OPR Human4 IV .SV .0CC DEF
Human6 SV.0CC.DEF FM OPR OV Human9 IV SV .DEF MB FM
Ironman IV .SV, OCC . MB FM  IPR OPR Jumping MB .FM

Liquor IV .SV 0CC ,BM FM OPR 0V BC Jump SV.0CC ,DEF MB FM IPR ,OPR
Matrix IV .SV 0CC .FM IPR ,OPR BC MotorRolling IV SV MB FM IPR BC LR
Panda SV .0CC DEF IPR OPR OV LR RedTeam SV.0CC.IPR ,OPR LR
Shaking IV SV .IPR ,OPR .BC Singer2 IV .DEF IPR ,OPR BC
Skatingl IV SV 0CC .DEF ,OPR .BC Skating2 SV .0CC.DEF ,FM ,OPR
Skiing IV SV DEF \IPR ,OPR Soccer IV .SV 0CC MB . FM IPR OPR
Surfer SV .FM IPR ,OPR LR Sylvester IV IPR ,OPR

Tiger2 IV .0CC . DEF MB FM IPR OPR OV Trellis IV SV IPR \OPR .BC
Walking SV .0CC DEF Walking2 SV.0CC.LR

FH 2 Ty 200 43 W 58 5 25 ok 40 B ke 1 65 A vk, BTk
WG AR 53 A IS [R) R 2 [R1 3G 3, Bk Ay s i) 5 s
PEH) (temporal robustness evaluation, TRE ) F1%5 [i] -
FEETEHY (spatial robustness evaluation, SRE) .
4.1.3 REEBEENTH

Sk T 4 T T U BT L PP AN CFTs 12k 8, A5 X
32 AR EMERY CFTs £ OTB2013 A1 OTB100 3
HEECE A IR E SR EAT T L. ARESE 3 W AT
$E43 207208 32 B CFTs 50 4 25, J& FHEA CFTs
A 15 R, £ 45 KCF'?)  KCF + MT"! DSST!'7) |
FDSST'™®) | SAMF'™ | Staple'™' | Staple-CA'* |
KCFDPT™ | LMCF'"™ | scT™ | LCT™ | SCF™ |

HDT"** | MCPF'! F1 MUSTer'*' ; J& T 1E W4k CFTs
14 10 Fl', 2 #& SRDCF™" | Deep-SRDCF™' |
SRDCF-decon'™*' | C-COT'*' | ECO"*' BACF'®'
CSR-DCF'™*' MRCT'®' SWCF™ #1 ACFN'*"); J& T
Siamese 2¢ CFTs B4 5 A, 0 4% SiamFC'™)  CFNet-
convl " CFNet-conv2'®’ [ CREST'™ il DCFNet' "’ ;
JBT 2K CFTs B4 2 Fh, A 45 DPCF™Y I
RPT'. LRy i A 3 AR B 5 BR R HE AR L 7R 265 3
T FEIAR W 53 64T T 408, IF H 3 4 /R
Hh 20 R 5 1 R R B

Z T LA FEX 32 Fh CFTs #EA7XF 1, A LA 4
SR 1) KA 555 3 5T BUR B 4 it
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Table 4 Resource link of 20 types of CFTs

BREsE 2K ReltaiE s
CSRDCF R-CFT  hitps: // github. com/alanlukezic/ csr-def
ECO R-CFT  hitps: // github. com/martin-danelljan/ECO
CCoT R-CFT  hitps: // github. com/martin-danelljan/Continuous-ConvOp
STRCF R-CFT  hitps: // github. com/lifeng9472/STRCF
SRDCF R-CFT  hitps: // www. cvl. isy. liu. se/research/objrec/ visualtracking/ regvistrack/
DeepSRDCF ~ R-CFT  hitps: / www. cvl. isy. liu. se/research/objrec/visualtracking/regvistrack/
BACF R-CFT  hitp: // www. hamedkiani. com/bacf. html
DCFNet S-CFT  https: //github. com/foolwood/ DCFNet#dcfnet-discriminant-correlation-filters-network-for-visual-tracking
CFNet S-CFT  htips: // github. com/bertinetto/cfnet
SiameseFC ~ S-CFT  hitps: // github. com/bertinetto/siamese-fc
HDT P-CFT  https; //sites. google. com/site/yuankiqi/hdt/
RPT P-CFT  https: // github. com/ihpdep/rpt
DPCF P-CFT  htip: / www. votchallenge. net/vot2016/download/01_DPCF. zip
MCPF B-CFT  http: //nlpr-web. ia. ac. cn/mme/homepage/ tzzhang/ mepf. html
CF2 B-CFT  https: // github. com/jbhuang0604/CF2
STAPLE B-CFT  hitps: // github. com/bertinetto/staple
FDSST B-CFT  http: //www. cvl. isy. liu. se/en/research/objrec/visualtracking/scalvistrack/index. html
DSST B-CFT  hitp: /www. cvl. isy. liu. se/en/research/ objrec/visualtracking/scalvistrack/index. html
SAMF B-CFT  https: // github. com/ihpdep/samf
KCF B-CFT  hitp: // www. robots. ox. ac. uk/ ~ joao/circulant/

FFHJE R, BF B 32 Fh CFTs AYBEHRE 5
PHESRAES 3 WA T A il T HS R S S5
SEUL R4S A IR X Bk RO B 2) BTk 32 FhE 9k
WEE T IEARE GEMEZE A2 Siamese 4528
CFTs, W] AR Jin41fi # T f# CFTs B3 AN REK T
3) 32 Fp CFTs A5 15 Fh)E FRARZE P HMSE T
X KCF 24> B i et | nRefiE R | ROBE AR A i
A TR R R A BRI e 053 A DL R R AR AR
4) [RIZEART L 2 R HL A i ) SR I, 451 4 1 ) 2k v
f) Deep-SRDCF . SRDCF-decon F1 C-COT #B & 7
SRDCF ity | % o i7F 55 7% , Siamese 25 H1 Y CFNet
FIDCFNet#f f& 7F SiameseFC HKefill [ #2 i (9 2 F 5
283 RN bk s AT — 5 G ) S A T
TR T i AF S ST 55 14 5 JE BIUIR A A0 Ay e
LN, 25 &%t 32 Fh CFTs 78 2 g4 -
(12 MERBE bR T 45 1, B 12 BoR T e
OTB2013 Al OTB100 £ 4i £ [ 0 s T & K i 2 (H
ReisR, ARAEZS H AR 45 SR | X ik e 5 ik AR AR
() Ff1 B ST RIRE SR 1) ) B | R Pk ik %) 7 32 LA R 52

B 18 B2 43 S EA T X L 43T

MNFEAE B A BE AT 50 BT, DRI R R G 0 U8 2 R B2
J& TN R Ty 1, RIVRE BRI (0] 702 46 Sy A6z ) 7]
BT DA A R A S L S PR R ) AR I . R 5
25 Y BT R AR B R A5 R L K 3 6 45 th R RFIE A
BATLUIE H, HOG 1 CN RFAE 75 1 5 1 35 450 4k 1A 30
TR ERE,, — RSN T HOG FF1E .CN FRIEDY
FOE W BlA  TE A 4k 8 W RPT, DSST,
FDSST .SAMF . KCFDPT . SRDCF 4. DeepSRDCF 7E
SRDCF (Al I ¥ R B2 FURRE S| A SRDCF
R T AF conv FEHTEREE R ,éﬁ%ﬁﬁ%ﬁﬁ’éﬁ
1 )2 conv MRCRIEAT 76 2 AN EUE S 0K il T 2 A0
KRBT T 1.5% 3.7% F1 1. 1% .6.2%.
CFNet [RIFEXT EE T 423 548 ] convl | conv2 I convs
I PERE 22 5, 45 B W R conv2 11 BE e A
ZIE B R 2 R LR R R 7 R4S A TR B R iE A
T ERERHELL  PREE T R AR PERE (R BTS2
EJZH) CFT M2 T )25 2 2Z (8] etk i3
WA —E MR, CF2 #1 HDT A A JZ
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Table 5 Performance comparison results of 32 types of CFTs on OTB2013 and OTB100
0TB2013 OTB100 0TB2013 OTB100
BRI AR PRER S
ECO 0.709  0.928  0.689  0.910 DPCF 0.605 0.829  0.565  0.776
BACF 0.678 0. 630 CF2 0.605  0.891  0.562  0.837
MCPF 0.677 0.916  0.628  0.873 HDT 0.603  0.889  0.654  0.848
CREST 0.673  0.908  0.623  0.837 Staple 0.600  0.793  0.578  0.784
C-COT 0.672  0.899  0.671  0.896 CSR-DCF 0.599  0.800  0.598  0.733
SRDCF-decon 0.653  0.870  0.627  0.825 SCT 0.595  0.845
MUSTer 0.641  0.85  0.575  0.774 KCFDPT 0.580  0.795  0.547  0.749
Deep-SRDCF 0.641  0.849  0.635  0.851 SAMF 0.579 0.785  0.541  0.752
LCT 0.628  0.848  0.562  0.762 RPT 0.577  0.803
SRDCF 0.626  0.838  0.598  0.789 MRCT 0.565  0.805  0.507  0.736
LMCF 0.624  0.839  0.568 CFNet-convl 0.545  0.753  0.516  0.691
SCF 0.623  0.874 KCF + MT 0.542  0.796  0.502  0.749
Staple-CA 0.621  0.833  0.598  0.81 FDSST 0.530  0.713  0.479  0.644
SiamFC 0.612  0.815 KCF 0.514  0.740  0.477  0.696
CFNet-conv2 0.611  0.807  0.568  0.748 DSST 0.503  0.737  0.470  0.693
ACFN 0.607 0.860  0.575  0.802 SWCF 0.491  0.662  0.454  0.622
10 100 -
90 f=— it 90 -
B0f = 80 -
70 70- G
s 60, s 60
*;: 50l %ﬁ 50 ¢
= 40+ = 40
30| 30- 48
20| 20 ¢
1ol
B ’ _ ' B S
%01 02 03 04 05 06 07 08 09 10 % 5 10 15 20 25 30 35 40 45 50
B {07 8 15% 22 [ (i
(a) OTB20135Y T Seph 2 (b) OTB2013M 85 A 2k
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90 iE S, 90
TN Sa e 70 £
;;: 50+ = 3 %: 50
= 4= ¥z 40
30HE 2 N 30
20HE L 20
10} |Frvs Sommntesed 10
pllssslbdessre | . . ., i of L |RRRRENE |
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AR EH

(c) OTBI10OFY RT3 2k

Bl 12 FHOCIEEZEIRER 4376 OTB-2013 1 OTB100 _E (Y s % £k FIURE A % 1 28
Fig. 12 Success plots and precision plots of CFTs on OTB-2013 and OTB100
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Table 6 Detailed information of selected trackers

RE B2 frzk

BRERST FHIE

REE B2k frsk

PRERS I FHIE

flitt gk 2 flit g 2%
KCF Raw pixels . HOG # /™ & || SRDCF HOG .CN O
KCF +MT HOG 2 & & | ccor CNN = A 2
SAMF Raw pixels HOG.CN & & & | ECO CNN HOG .CN = A =2
DSST HOG & &  J& | CSRDCF HOG .CN ., Color = A" &2
FDSST HOG £ & 2 | BACF HOG z= A £
CF2 CNN ™A™ J& | MRCT HOG . Intensity . ITF SO G
HDT CNN fF & | SWCF HOG . Intensity 2 " R
KCFDPT HOG .CN Z= &K & | ACFN HOG . Color E & R
LMCF HOG .CN £ fF 2 || SiameseFC CNN = 2= ©
STAPLE HOG ,Color Histogram & &  J& | CFNet CNN 2= B B
LCT HOG & & & | DCFNet CNN = 2 B
MCPF CNN 2 @& & || CREST CNN 2 2 B
MUSTer HOG % A/ =& | RPT HOG st A" =2
SCT RGB HOG .Lab Color & & & | DKCF HOG . Color = K" &2
SCF HOG .CN = A &

FEAEOR S E AN AR BE &, 26 N5 0 S 1 1 [ e
LT T RIS BB, MCPF 76 H LAk - F— 25 R HIAS
[7i] 23 22 6] R A G R I R g e g, 0E — 2B T TR
EERGE. C-COT fdi F VGG-Net $2BUR JE FFAE 45 I
LRIR @ R 2 A6 BUZ 5 e N RR IR 5
CFNet 2[RI M LRS00 E A T W& 1T, B2
I RHIE ™ E RN T IR ME DL Ik 3] S i 1
IER. ECO f£ C-COT LAl b iz R 2K o0 fiff 4
1 HOG . CN F11 CNN 19 R 1IE 4 J F 47 5 4, Fovp
HOG 4% 10,CN E4i %] 3,CNN 1955 1.5 B2
SRR 16 T 64 08 T I Sk S8, 1A 5%
R TIMAE 2 HASWUR L R T K2 8 5.

AR 5 X LA RE5 G K 6 IWIRER AR TEA(E
BT 32 Bl CFTs DA 7Y FIAE 42 9 £ BE 0847 50 #T,
DSST 7r KCF JEAili_F- DA fif e RUBE [ i £ B S 4, 3
JT R EFAESE B T — s R E A,
KCF AHEL, HERRA T —E 3 m. 255 i
Jift FDSST R FHIAEERVERT QR 43R IRAR T35, Ind
%5 DSST MR E T 1 £%52, [FIAt7E OTB2013 11
W ZABET; T3 3% . SAMF 5 DSST 232440, A
FESR T RUBESGS 28 14 JEL I, AFR: RURE PR 114 728 A
BN, NBEE A bR B R AR AR IS L. 5 RUE

AN, DPCF JEF 0] AR I8 43 B Sl T % g e #
K/INEY [ 3E B R, 76 OTB2013 1 OTB100 _E 4 i Zh
KGR SAMF AH L3 LT T 2. 6% 4. 4% FI
2.4% 2. 4% . EFXFHUAE SCUE P AR R 0 R
FORLEL W) 3 FAN X — [, SRDCF 5 A %5 [H] 1E
MEF T S fe BTk, BB 3T T 168, SRDCF-
decon 7E SRDCF (¥R - & FHAEA o7 & 19 £ B 1S
&, E OTB2013 L (%487t T 3.3%. CSR-DCF
2 [ B0 PR 8 00 25 S BRI A SR A v e B A5 o)
R TT , F1 SRDCF —FERI I 505 B T4, (H 2
KRBT O], PERE 22 BE 4 K. BACF [AlkEXTh
FARANHAT T ARER 4 TR X ek A LS B
FEACHY LB BUAS T SRDCF-decon BN 53 A4 %,
4. BACF WG R KRR B T AR AR B i ) BREE
APEREA AR KBS M. AN [] 2 R B B AR A0 R
HFRFUE S5 AR BTV HE SR B B B B i
R85, B LI AHSCUE I #5855 FA S 45 6 25 S AR
PH MR F T IR R A L. LMCF a4
W CF 5454k SVM, 5 KCF M Fb, PEREAS 3] T 1B 2%
T+, MCPF BREZAESLKE MCF Sk FuE I 28 647 T
G545 R APRT-Hh AR SR A b BT RUBE AR b n) 3T
JE5 1 AR ) B ARIR S A Ty s sl
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T+ T ERESERE. T —204 Siamese 4% -5 HHCHERE
SEA Y A Pt T A PR R ) A, 0 SiamFC |
CFNet F1 DCFNet 25 18] 12 45 e 38 0 1 i 7%
TG I B S R B R T A T
AR B K 1) F B EAT A0 BT, K BRI
ANREAE T AT ) B 25 b B 28 B i R A ) 2 .
OTB £ 45 445 PR ER Pk % i J& PRV 40 R 73R TV SV
OCC .DEF MB . FM .IPR . OPR . OV LR #l BC, J& ¥
(IERNHEAE 4. 11 N H. 27 .8 9%
T 10 R F T AR CFTs A1 10 Ff % FH IR 45
fIEfY CFTs #£ OTB100 F 454k 5 A IR #k % s 1
221 Success Rate , HE 4% 2F — 0 45 5 MR RN,
He# 56 s R AHMA SRR HEA 5 = R T
Rk IR, FEbR 8 3 iz shBOW Pk ik, HFRrY
AL B AR H B o SR AL sh AR, T TR
fE CFTs H' ECO-HC #1 SRDCF-decon % ¥ it i, iX
KA SRDCF-decon 38 1§ K 18 2 25 18] 1) 5 X
T RGEGE Bl )3 51 T H AR 7 B K AR R Ak M
T ECO-HC SR IHAR R M1 2 3 BER R IE A 2L
T TIRERKG . TEVR EEFRIE CFTs f ECO Al C-
COT RIS bf. 76 RUE AL FE PPk ik b | IR B 45
P E AR LI B 38 28 T e BARE B S
HUREFIERA ) K. 7EF TRE CFTs H, SRDCF
CSRDCF Hl ECO-HC FRINIRAT , MR EEFHE CFTs
ECO .C-COT 1 MCPF M Fe . 254 PERE f i1
ECO i1 1R A s WA B X Y R AR AT 43 4, AL
G T AT AR URRRAS P A ) 3 40 Tl A, T L3R T

THARMZFEMES ARG, R T 005
PERE. MF 3 25 OTB #8  5  bric s M mT A
FeR A Al Fn W7 S R T A A
PR, A HERR IR R >k T AR KA XERE. o T i
PR B R, R 8 T AR T X E A AR AU R A
RIS HNRE T, AR s B E G AR s i
B TEBEMEM. K, X 2 APk AT LLE i R RE
TR RHIE ff k. 75T THHE CFTs 1, ECO-HC #l
SRDCF-decon F I 4f , 7E R FEFF1E CFTs H1, ECO
H1 CF-Net 76K B 7 1 R I b, 3 HIRERHE S F
THRIEAH HL A R A R AR RE 7. B8 L E S 1R X
TREBURERAR 5 2 oA IR PR R 2 — it
PR Y H PRREAS 7 B R 2 WU I 30 5 A AR B
R OV a] B & AR T T EEAE CFTs o,
CSRDCF H1 SRDCF HA7 48 iy i) B ERORS B2, iR IR
JERFIE R ECO Ml C-COT 15935 T2 2 243 H R R 1E
ARNXT T OV PR, H 000 Y BRI T A AL
MIETAEA 1 S 2R BL A0 IR B 2 A I 2Rk il 140,
PR LT S 2% Lt 2 e LAk 3 1) R B Bk R 2 — , ECO
FIECO-HC RN T MR, 2 ECO RH
2oy PR EFUFIER T T AN R, FUH SR A
BRIXIAEA R AT T LR T T AR A BT i, s i B AL
RVTEH 7 AR T T IR ER AR, I DA 48 K 22 500 R 25
Pk i B T oA S A PERE. @it A4 pr e A
F i, 4 M CFTs A HE, B Pk R T 2 8
A R A AR A TE )2 CFTs.

R7 FIYSE CFTs 7 OTB100 R EEMENIRF 5 bR ThE
Table 7 Success rate of handcrafted feature trackers on OTB100

Je 1 ECO-HC SRDCF  CSR-DCF  SRDCF-decon =~ DPCF  STAPLE  SAMF  FDSST RPT KCF
v 0. 631 0. 609 0.575 0. 628 0. 585 0.595 0.533 0.476 0.537 0.479
SV 0. 603 0. 561 0.531 0. 600 0.517 0.520 0.482 0.398 0.481 0.39%4
occ 0. 620 0. 578 0. 556 0. 578 0. 546 0. 543 0.543 0.418 0.480 0.443
DEF 0.573 0. 544 0. 562 0. 549 0.523 0. 550 0.516  0.414 0.491 0.436
MB 0.611 0. 594 0.610 0. 626 0.573 0. 540 0.534 0.495 0.517  0.459
FM 0. 636 0. 597 0.592 0. 602 0.533 0. 541 0.525 0.490 0.542  0.459
IPR 0.574 0. 541 0. 540 0. 563 0. 525 0. 549 0.503 0.486 0.523  0.469
OPR 0. 601 0. 548 0. 541 0. 581 0. 546 0.534 0.528 0.436  0.503  0.453
oV 0. 600 0. 461 0.517 0. 543 0.482 0.476 0.483 0.397 0.471  0.393
LR 0. 534 0.514 0. 460 0.535 0. 409 0.399 0.348 0.295 0.371 0.290
BC 0.619 0. 583 0. 565 0.615 0.575 0. 561 0.510 0.527 0.575  0.498
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Table 8 Success rate of deep feature trackers on OTB100

&P ECO CCOT  MCPF  CFNet-convl CFNet-conv2 ~ DeepSRDCF  CF2 HDT ACFN  DCFNet
v 0.711 0.672 0.611 0.478 0.532 0. 603 0.549 0.528 0.545 0.581
SV 0.664 0.653 0.576 0.476 0.519 0. 564 0.485 0.470 0.526  0.564
0oCcC 0.676 0.656 0.601 0.477 0.524 0.562 0.532  0.512 0.503 0.573
DEF  0.635 0.608 0.577 0. 460 0. 475 0. 559 0.530 0.529 0.524 0.494
MB 0.705 0.694 0.624 0.516 0.577 0. 541 0.585 0.560 0.531 0.544
FM 0.680 0.670 0.580 0. 495 0.552 0. 546 0.570  0.554 0.540 0.543
IPR 0.651 0.620 0.606 0.511 0.575 0. 541 0.566 0.542 0.530 0.556
OPR  0.672 0.643 0.604 0. 479 0. 540 0. 548 0.540 0.525 0.515 0.573
oV 0.651 0.623 0.532 0.362 0.423 0.513 0.474 0.453  0.457  0.558
LR 0.590 0.608 0.502 0. 609 0.576 0. 557 0.388 0.402 0.491 0.504
BC 0.699 0.657 0.610 0. 444 0. 567 0. 559 0.585 0.553 0.520 0.569

NS (4 £ JBE AT 43 B, 38 81 O T A R
BRI WTR IR F 25 i/s B A T fE S Ak B Y
K. FR S SR I SCEE TR AR 0T LU IR L 32
Fff CFTs o, 5 12 FhATLASCELSEI BREE. fepldit i i
MOSSE ,CSK ,CN 28575 1 WPR S8 T 100 Mi/s, 2
Ji B A O 008 U0t 288 BR Bt AR T 8 P A A7 JE s
ARARTE T HEARERE , (H RO A 2% W HE S o
— R AN AR R ANl , K53/ CFTs
AT5EE 2 B A2 S M T oK
4.2 VOT EEHIREE
4.2.1 VOT2017 HEgdnte

VOT2017" ZLEEHRSE th 60 BLs 7 5 Fhbric
JEMER AT S AT, X 5 FE M BIRAPLRS 31
JERRAR A RBEASAE ShPEZE AL AR, VOT2017 4%
VOT2016 H1 2 &8 K ZHOR L MER IR ER (1 10 )7
FIHEAT T B, OF HORFE T )R 5B 40 J@ . VOT
B X TN H AR R R R R S — N SRR
PR [RlI) VOT2017 XJ A e 4 () BB AT 1 58T
P R EME R 0N, SR J5 BRI A B HE, 45
TR HERR AR TR B
4.2.2 VOT2017 PEM 4545

VOT2017 fifi ¥ 35 8 & ] 2 (expected average
overlap, EAO) | Accuracy il Robustness iX 3 />4 fig
FEPRXTEIEFEATIEAY . Accuracy $5 A9 & BRI 2% 75 H.
AR5 T BRI A A 2 6] - 34 E S R

HEESRNENLELE 4. 1.2 /M4 H. Robustness 15
()2 PR ER S E SRS 20 b R I i vk B, M S
A O B RPN E A IR ER R, AR R WOT 58 5 iz
JE AT EBRIA L. EAO EXHEEAN R ER SR AE—BUF
PN R | E e = S0 =N
4.2.3 IREESSRENT

J T M CFTs BYPERE, AS /N 4T 10 F
FATRZFMERY CFTs 78 VOT2017 BSR4 kT
TEEL 10 B CFTs W & 5 i fl U EE R AiE 19 7
¥, 058 CF2 \ECO ., C-COT , SiameseFC #ll MCPF.
73505 B N TR AE 9 U7 35, B CSRDCF
SRDCF, STAPLE ., DSST fil KCF. H: 1 CSRDCF .
SRDCF ,C-COT F1 ECO J& T 1E 2%, STAPLE .DSST .
CF2 il MCPF J& F A3, SiameseFC J& T 25 4= ] 4%
2. £ 9 X 10 Fi CFTs 78 VOT2017 JEiEHdESE X}
3 MEREFRFRAITAG S S A S L PR R.

MR 9 45 By IR 45 B AT LA Y, 7F Baseline
MK, F TAREIREEZS o CSRDCF 3K15% EAO FIl R
R AE 23594 0. 256 F1 0. 356, STAPLE 3545 A 14
AAE R 0.530. VR BERRAE IR ER 48 CF2 3k45 K
EAO fY % = 150 4 0. 286, MCPF 3515 A Y % 5 1%
434 0.510, ECO 3K R M M348 0 0.276. 1E
Realtime {3 H | T TRRAIF BR 25 %% HH 19 STAPLE 7E
IS A 2R PR 2 B A, TR B AR AR R A 0
SiameseFC 15 T £ T0F8 b 1) 5 o A7
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Table 9 Comparison of HC and deep CFTs using A,R and EAO for baseline and
realtime experiments over VOT2017
Lk S
PR B PERERE AR
EAO A R EAO A R

CSRDCF 0. 256 0. 491 0. 356 0. 099 0.477 1. 054
STAPLE 0. 169 0.530 0. 688 0.170 0.530 0. 688
F THHIE CFTs SRDCF 0.119 0. 490 0.974 0.058 0.377 1.999
DSST 0.079 0. 395 1.452 0.077 0. 396 1. 480
KCF 0.135 0. 447 0.773 0. 134 0. 445 0.782
CF2 0. 286 0.509 0. 281 0. 059 0.339 1.723
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MCPF 0.248 0.510 0.427 0. 060 0.325 1.489
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