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Abstract:

bounding-box to fine-grained segmentation map. However, the existing methods use pixel-based segmentation to obtain ob-

Recently, the state representation of the target in object tracking has been transformed from the coarse

ject mask, which is slow and the accuracy of mask is limited by the object bounding box of tracking. To solve the above
problems, we propose an object contour tracking method based on correlation filters with spatially-weighted logarithm like-
lihood ratio and deep snake. The method consists of three stages: at the first stage, the initial bounding box of the object is
estimated by the proposed correlation filters with spatially-weighted logarithm likelihood ratio; at the second stage, the ini-
tial bounding box is deformed into the object contour via deep snake; at the third stage, the tracking results are fitted with
the object contour. Experimental results on OTB (Object Tracking Benchmark)-2015 and VOT (Visual Object Tracking)-
2018 datasets show that the proposed method is superior to the state-of-the-art approaches.
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TR AL =[F,); y!1, Horb F(y,) & 5y, 76 F | B W
PEIRE , F2JBUA A P 5 i CNN 52 B 4RE Ly =
(=X pims Vi = Vo) 4y, BT AN AR A fi, Horp x| =
min {x,} .y, =min{y,} . WK 37, Deep Snake "
B4 B L AR 1) AR IS 2 (£ 2 F o IF
ESCHADIEAEFUNT .

(fzv*];)z: i(fN)Hj];j (4)

Horb k2 ID B R, " FR 1D B REE . F3hiE
SRR EE B S AR B T R R R, SR T R
NS RERE =Pt s SUN VI R i o oY R DO DVAUE
B sS AT 1D IE GRS B A RRAE .
4.2 MEEHSRESE

Deep Snake H1B T 145 | fill G ATHR AT IR e =4
SN . BT M 84 “CirConv-Bn-ReLU” J24H i,

K3 DR SRR ER

A JZE AR 2 % 4, Hoh “CirConv” 3718 1D 16 31 &
I, “Bn” R AL IH—1k, “ReLU” R /R iT6 s AL Al
B Seiat 1x1 A2 RGBT R 2% v BT A 2 9 4
fiE, HOCHAT fe KA, 5 B il 5 R AR 5 B T 2% h
B J2 PR IR SEA T AT ) fe 2R AIE . TR0 A B 1 = A~
11 25 FRUZ i 1 4 0 5 ) A A1

Deep Snake By B P45 SRR AE 2 B o B bR
JE e AR R < T A A5 4 P AR BT A
B s HUR L 22 B 58 A8 i Deep Snake 75 2 H AH 4, #E 110
15380 ) GUIE R B s 5 , /B 48 BB i Deep Snake 1%
RABTE g B ARSE B (A SCERARIRECH 3).
4.3 MEEIH

Deep Snake SR FH MR AEL 5 T30 53 2% oR 45 RN 4G 8 A8 T
542K pRBOR ) 268 R AT W B 2 2T . A A T 45 2k e KK

N 1$ - -
W Lo= > Smooth, (5 —ps™), ot e S i 5 19 9
i=1

YU SRR LA B AR . BT B R

. 1 <& . - .

M Li= ;> Smooth, (§,—yit), Jry AL B AL HY 0
i=1

SRy SR A FORREE AR AR | NI AT B (AR SO

P NEL128).
5 BRIEFZE

PREE 5 1k WAL 2, Horh Ns il g 0 1) B AR RN g I
A HH TR S B E S5, AR SCELEG h Ns LS, Bt
0.025. FFE VLI JE X T VOT-2018 $dli 4 , Jrik 2 vh

AR 6 AMUAS B e/ NIMEFEIZAE b, T ELARIE e 5% 12
HESDLA T P A B i e FEAE B,

6 LK

6.1 SLIGIRGE EUIBRERIEMIEMRR

TE SYS-7048GR-TR 15 AL (CPU A5 24 Intel Xeon
(R) ES-2630v4@2.20 GHzx20, ] £ 4 64 GB, GPU
RTX2080Ti 11 G) S8 T A SCHr ik, AT 855 02 -
Ubuntu 18.04, Python 3.7, torch 1.1.0., cudal0.0 #l
cudnn7.5. I OTB-2015"¥F1 VOT-2018"* %k #a £E % 1
Y B AR BRI O VR EAT SE I IR IE . OTB-2015 #is 45 (0
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ORI FUBRAFIERER | X[, | ARG ks ()
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tion, IV) . RJE A8 4k, (Scale Variation, SV) . #E$4 (Occlu-
sion, OCC) . JEZE (Deformation, DEF) . iz S5 #] (Motion
Blur, MB) .t iz 3l (Fast Motion, FM ) .~ T N i€ %% (In-
Plane Rotation, IPR) . 3 [fij #p JE #% (Out-of-Plane Rota-
tion, OPR) . H #% i # (Out-of-View, OV) | ¥ 5t 1K %4
(Background Clutters, BC) X 73 ## % (Low Resolution,
LR) 11 /> 8k 8% J@ PE . i B4 48 A1 | OPE (One-Pass
Evaluation ) 77 231 Precision fl Success $8 P IR i
RGN G . BT OTB-2015 B8 4 1 b i T2
HE A EFEIEAHE , Rt , A SC5 2R T H Fn 56 B 1) e /N Ak
PAEFEAHE 1T 55 Precision Ml Success. VOT-2018 ¥z 4 £
60 MU 41, Horh 3 3 BLAT 51 55 OTB-2015 %4l
A R BARMERE L OTB-2015 4R 4 = . % 80%
L WP 48 A5 40 %5 EAO (Expected Average Overlap) |

Accuracy F1 Robustness , H.H1 EAO Hl Accuracy T PEN
B B g CRORG B, B B A RS BE 5 K PS8 AR IE A OG
Robustness F TP HLUER 25 0O E 03 1 | IR ER 25 09 &1 1
5z d8br A& . H s R ER 8 A FPS (Frames Per
Second) F5 A5 AT . H T VOT-2018 %5 4f 42 i b v 4H B
HE Ay e 2 R T AE , PRI , AR S5 2R TR B 40 15 ) i
R HE LT EAO | Accuracy Fll Robustness. X F 18 &
3 F A 15 22 , AR SO A 10 448 5 R0 9 000 44 1 - 145 52
IFH (mIOU) AT &

6.2 SIS

SRk 1P Y CNN RRAE J2 DLA-34 [ 45 1
J&— ZFE A B R IR Y 1/4 4%, 3l T ECh 64.
CNRRAE" (38 T8 2 2, HOG RFAE > (138 1E 40U 31. DLA-
34 M ZEFI T COCO E AR £E VI %k , Deep Snake $& J#5 7331 1%
25 FIFH Shd Eali AR N2 . TEVIZR I B, i A BUR 4 B
H—AE N 512x512. 7E KB B, S A B R o3 B 7 59
ARk 32 AR .

6.3 LWHERSHMH
6.3.1 OTB-2015%#E&

F 1% T A )5 5 OCT-CFDS  DaSiamRPN ™',
SiamRPN++"*"" | ECO"*’ , MDNet ( Multi-Domain Net-
work ) 2 s C-COT™ , MCPF ( Multi-task Correlation Particle
Filter)""", TADT ( Target-Aware Deep Tracking) "', Deep-
SRDCF'™® Fil SRDCF (Spatially Regularized Discriminative
Correlation Filters)""" 3t 10 F H bR PR ER )7 B2 7E OTB-2015
BAREE 1Y Precision, Success 5 FPS 3545, & 4 4 10 Ff
FIARBR 5 75 75 7E OTB-2015 242 4 I (1) Precision 1 Suc-
cess TRAR LKL . 3 1A 47T LI ) OCT-CFDS )
Success 8L, Xt T Precision 845 , OCT-CFDS 5 Da-
SiamRPN AHIT H AL T H & H AR B J5 ik 5 78 R 0 o i
J7 i, OCT-CFDS t ECO, MDNet, C-COT, MCPF, Deep-
SRDCF I SRDCF 45 H #5 B 5 J5 2t , 55 DASiamRPN,
SiamRPN-++1 TADT %5 H 5 B 5 5 12: 4 [, OCT-CFDS

F1 10T EFRBREA AT OTB-2015 B 5% L AHEREIEIR

— Prev(:ision Success HE
(pixels) (AUC) (FPS)
OCT-CFDS 0.922 0.700 31
DaSiamRPN 0.923 0.665 160
SiamRPN++ 0.915 0.696 35
ECO 0.910 0.691 8
MDNet 0.909 0.678 1
C-COT 0.903 0.673 0.3
MCPF 0.873 0.628 32
TADT 0.866 0.660 33.7
DeepSRDCF 0.851 0.635 1
SRDCF 0.789 0.598 8.2
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5| e DaSiamRPN [0.923] #
m==  ours [0.922]
== m 8 SjamRPN++[0.915] [7]
— ECO [0.910] ]
=== MDNet [0.909]
« = = CCOT [0.903]
s \|CPF [0.873]
== TADT [0.866]
= === DeepSRDCF [0.851]| |
s SRDCF [0.789]

Precision

0 10 20 30 40 50
Location error threshold
(a) Precision plots of OPE

s oUrs [0.700]
e SjamRPN++[0.696] | |

== CCOT [0.673]
DaSiamRPN [0.665] | |
s TADT [0.660]
== DeepSRDCF [0.635]| |
= = = MCPF [0.628]
s SRDCF [0.598]
»

Success rate

03r

02

0.1r

0 0.2 0.4 0.6
Overlap threshold
(b) Success plots of OPE

K4 1050 HFRERES 7 7 OTB-2015 0884 [ 0P RE T brth £

PR JE RN (A REAE ST BREE H AR . 5 DASiamRPN,
SiamRPN++F1TADT # H , 4 SC 12 3 B 12 11 JA R
AL P AEAG B H ARV A HE IS 75 22 FH Deep Snake Kt
HARTE N BARFE I, JF il a5 LA AR AE .

F245 M T 10 Fh H bR EREE J7 16X OTB-2015 %4 s
e 11 ATk 5 M AT A BR 5 1Y) Precision 45
bR, 22 8] LA ) A SC 5 OCT-CFDS 7E I +4
(0CC) JEAE(DEF) . HARHH F(OV) FITF 5til 44 (BC) &5
Pk R AT Precision Y975 $2FF, X — 45 S % 8] OCT-
CFDS#EF T H AR ER RS .

R34 H T 10 F H bR EREE 7 56 OTB-2015 %4 s
S 11Nk A H AR R EE ) Success TR PR,
M 2 3 AT LA 1« A S0y i OCT-CFDS 78 Ol BE 745 1k
(IvV) JREEAEE(SV) (HERS (0CC) itz 8 (FM) -
Ifil P iE e (IPR) 1R SMiER: (OPR) Fil s 56l 24 (BC) 4%
e W A Success WA HEF, X — 45 R IH OCT-
CFDS#&F T HARERER A BL )28

FIS 245 T 10 R0 H bR BR B2 7 378 4 4 Bk R PE L0
R ERERZE S . Biker MU Y 32 B K 2 2 SO FIER
Mz B, Bolt2 MUA 11 3 BL Pk ik 2 H AR E A8 F1 i iR
Z& , CarScale P A7 (1Y 32 T Pk % 2 ] 28 A0 FTSF- T N Jie
% | Tronman FUAT Y 5 22 Bk A G IR AR ML 3 SR 24 AN
Ror#esE . Kl 6 1T LUFE A % OCT-CFDS 7E Jf
X H bR s B sl R AR AR RN T 5 R 4% S Pk A S B
A

& 6 45 T A S % OCT-CFDS 1E OTB-2015 %4
£ AR R IR ER LS I 7 vl DL AR SO L OCT-
CFDS 58] T -3 MEWI 0 H ARG ER .

®2 107 BIRIRER T ETE 11 AR B MERSA LAI Precision #5457

BTy % SV occe DEF MB FM IPR OPR oV BC LR

OCT-CFDS 0.923 0.903 0.892 0.941 0.876 0.927 0.915 0.919 0911 0.943 0.907
DaSiamRPN 0.917 0.874 0.885 0.940 0.870 0.894 0.901 0.914 0.867 0.924 0.900
SiamRPN++ 0.925 0.905 0.883 0.913 0.878 0.929 0.916 0.920 0.838 0.903 0.911
ECO 0.914 0.870 0.889 0.922 0.859 0.888 0.880 0.904 0.906 0.942 0.888
MDNet 0.915 0.867 0.891 0.907 0.874 0.882 0.887 0.902 0.812 0.925 0.854
C-COT 0.884 0.869 0.888 0.916 0.872 0.884 0.875 0.894 0.889 0.882 0.885
MCPF 0.881 0.868 0.844 0.859 0.829 0.864 0.855 0.862 0.746 0.823 0918
TADT 0.864 0.840 0.849 0.866 0.822 0.814 0.850 0.862 0.802 0.805 0.890
DeepSRDCF 0.791 0.805 0.808 0.836 0.811 0.818 0.811 0.834 0.794 0.841 0.702
SRDCF 0.792 0.695 0.750 0.816 0.781 0.728 0.702 0.773 0.619 0.775 0.631

6.3.2 VOT-2018 %54

F AL T ARSI OCT-CFDS F1H & 10 Fh s
A8 H AR RS 7 BE7E VOT-2018 B4 45 I 0 Bl i Pk R 45
Fr . AFOD™®!, D38 Hl SiamMask 2 J2& 3t T X 18,43 &1 11
HoAr BB 7 i, e m kA B bR R B 7 2

LADCF (Learning Adaptive Discriminative Correlation
Filters) ", SiamRPN++"", DaSiamRPN'"*"', SPM (Series-
Parallel Matching) '?' , ASRCF (Adaptive Spatially-
Regularized Correlation Filters) ¥, STRCF (Spatial-
Temporal Regularized Correlation Filters) "'/ FI ATOM
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£R3 10 ERBREREE 1ANREBHEMRST LB Success 15FR
BRI DT v SV 0cC DEF MB FM IPR OPR ov BC LR
OCT-CFDS 0.716 0.693 0.663 0.717 0.681 0.694 0.685 0.696 0.678 0.703 0.660
DaSiamRPN 0.642 0.637 0.619 0.691 0.640 0.643 0.650 0.658 0.639 0.660 0.623
SiamRPN++ 0.713 0.690 0.655 0.710 0.674 0.691 0.682 0.692 0.648 0.691 0.658
ECO 0.713 0.664 0.657 0.716 0.680 0.652 0.652 0.677 0.681 0.700 0.617
MDNet 0.689 0.651 0.652 0.699 0.673 0.637 0.647 0.665 0.631 0.676 0.591
C-COT 0.682 0.651 0.647 0.698 0.680 0.639 0.632 0.658 0.665 0.652 0.619
MCPF 0.628 0.620 0.595 0.620 0.573 0.611 0.598 0.607 0.558 0.601 0.598
TADT 0.676 0.641 0.630 0.678 0.656 0.614 0.630 0.650 0.631 0.622 0.646
DeepSRDCF 0.621 0.601 0.581 0.647 0.632 0.595 0.584 0.612 0.583 0.627 0.474
SRDCF 0.613 0.535 0.556 0.625 0.608 0.540 0.524 0.573 0.487 0.583 0.480
(d) Tronman
OCT-CFDS SiamRPN++ ECO DASiamRPN C-COT
TADT MDNet MCPF DeepSRDCF SRDCF

[#l'5

10 s PEREBRER 7 EE1E 4D PR I A BRER 45 5

(Accurate Tracking by Overlap Maximization) ', £ 4 1
M2 SRR OCT-CFDS MR T H B m ke kg7t T
R RE SR T H AR ER 0 &V . K17y OCT-CFDS 7
VOT-2018 $dli 4 I IRER S5, th B 7 AT LA H, OCT-
CFDS BESEHERG M IR 15 H bR 5e 5 .

R T 6 UE S I HE B L 7E VOT-2018 s 42
e R R T T I S RS 4 mIOU Y %} OCT-CFDS

D3S Fl SiamMask #E47 b4 . SCEGE5 RN 5 s, &
ST LA H, OCT-CFDS () mIOU f F HoAth )5 2 .
6.3.3 HEEZRESH

XoF BAT 56T DX 4050 0 E AR B R 5 T R AR SO
MR E e BEHEAT T4y B . B T OCT-CFDS, Siam-
Mask . D3S Fl AFOD 45 J7 4k 13153 58 2% i F= B2l T
D28 (9 10552 A% B TR I AS S LI 2% 19 11530 52 4 B AR
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(d) MotorRolling

6 OCT-CFDS7E OTB-2015 ¥ifn L i 46 BT IR B 4% o1

x4 11 FHBEFRBREFEEVOT-2018 HiB4E FHiEEisHR

OCT-CFDS AFOD D3S SiamRPN++ | ATOM | DaSiamRPN | LADCF | SiamMask | SPM | ASRCF | STRCF
EAO T 0.506 0.491 0.489 0.414 0.401 0.383 0.389 0.380 | 0.338 | 0.328 | 0.345
Accuracy T 0.67 0.634 0.64 0.60 0.59 0.59 0.51 0.61 058 | 049 | 0.523
Robustness | 0.113 0.117 0.150 0.234 0.204 0.276 0.159 0.276 | 0.300 | 0.234 | 0.215
HRE(FPS) T 31 20 25 35 30 160 10.8 55 120 28 29
£5 3MBERRIREAIELE VOT-2018 ##E & LB mIOU $54R *6 4MBRREFENHTESRE
T Y T S BT mne | v | waiecr | OO
OCT-CFDS DLA-34 255%255 5.64x10°
R B R AT ST R B SCER 36 ] SiamMask Resnet-50 255%255 7.23%10°
D3S Resnet-50 255x255 6.81x10°
W77 SRR BT S A A - 0 EM K AFOD Resnet-50 255%255 6.97x10°

C, |, Horb DIE MR IREE AR EE SR LR M2 22 1
JZ B K AR AE I RN K R 28 5 1R BB R RN,

C,, 2 U258 12 B A T2, C 2 2585 1 )2 A o
i T A% A 2R S L OCT-CFDS, Siam-
Mask, D3S Fl AFOD (31352 4 FE an 3k 6 fi s, % 6 1]
LLA H, SiamMask , D3S F1 AFOD By 848 2% B ey, A S
J7¥5 OCT-CFDS 13 & 24 FE /0N

6.3.4 itit
SRR IRERRG T B R R B = PERE S AR, R
RS A S SIA B AR T kA e, AR

Tk AA R EpvERe . HEE RN T —Jrm, )
A 7RSO R R X 43 ) Oy R A

J i H 2 FORS HEAROHT T BR U E A9 A M T AR SR
FH I T4 B 1 43 %1 07 25, o H 5 /DN B BRI AE B AT
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BRI 5, U RS R 2 R
FRANGEAE [P A T F AR i RUBE s B2 A% EL BE A&, i
AR ICT7 VR A B B b 22 R H bR B ROBE RS E
Hoor B R A SO AN A s B2 JLE
A5 HARIE 8 O IR 1 A A A B 4 4 A
51 Hbr R0 A2 0 B A 18 N A A

T3 T« — o 25 TR AS XS HR AL AR LU R DG U8 1
N ;3 )& Deep Snake X H A5 11 2% 14 [F1IH 68 7 , B8R
HAn R AL T ARk (B A B R AF e . Db,
AR STy 8 ) A ] AR BBl AR AR Gk A L A
I8 N Fil A 22 AR AR T B BR 0B 46 FEEAE , $2 T 1%
R/ SilE R i

(a) bag

(d) matrix

7 OCT-CFDS7E VOT-2018 i 4E - AR EE 4%

7 ik

Bk BT DX 3R B H AR B R 5 B A AR B S B8
FIHE RERS B 27 PR T H b BRI HE 0 [R) R, AR SCHRE 2 T
23 [ IO ZUARLER LU A U8 U 55 Deep Snake 1) H br%e
BRIk . — 5, AR SCHIH Deep Snake $2 Hy —Fh 3
THCER A3 0 AR ER ik 8 1 A R R s T
X HARAEAL B SR 5 55— D7 T, AR SCH H 3 TR nASOx
LR EAR DGR Il L I8 N RS 2RI T H AR iy
WG FEICAE 3274 1 % 5 25 S &4 % . 1] OTB-
2015 F1 VOT-2018 Fffs 2 0 $2 1 1 05 1 HEAT 1 52 30 6
UE, 25 SR W] SR ek B bR R ER 7 A L, AL
Pt B BRER DT EE IS TR BR R PR RE

i BB HIE L AR M A E E L.
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