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Visual Object Tracking Algorithm Based on Correlation Filters with Hierarchical Convolutional Features

LI Jian-peng SHANG Zhen-hong LIU Hui

(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650504 , China)

Abstract In the visual object tracking,correlation tracking algorithm is a hot topic and has developed rapidly in recent
years. Correlation filter tracking algorithms have the advantages of fast speed and good effect. However, the traditional
hand-crafted features are insufficient for target discrimination,and fail to handle challenging situations such as deforma-
tion,occlusion and blurring. Recently. convolutional neural networks have achieved great success in many fields. Re-
searchers have combined correlation tracking and convolutional features to surmount the shortcomings of hand-crafted
features that lack target semantic information. In order to cope well with the above problems.,this paper proposed a vi-
sual object tracking algorithm based on correlation filter with hierarchical convolutional features. The proposed algo-
rithm divides the object tracking into two steps,including position prediction and scale estimation. Multi-layer convolu-
tional features are trained and the target position on each convolutional layer is predicted with a coarse-to-fine searching
approach. The Histogram of Oriented Gradient features is used to estimate the optimal scale of target. Comprehensive
experiments on 20 challenging sequences were performed to verify the proposed algorithm,and the proposed algorithm
was compared with other four trackers. The results show that the proposed approach significantly improves the per-
formance by 48. 9% and 51. 9% in distance precision and overlap precision respectively compared to the DSST tracker
based on hand-crafted features. Moreover, the proposed method outperforms the HCFT tracker using convolutional fea-
tures by 19. 1% and 25. 2% in distance precision and overlap precision,respectively. The proposed algorithm overcomes
the shortcomings of poor representation skills of traditional manual features,and its performance is better than the cor-
relation filtering tracking algorithms using manual features. Compared with the same correlation filtering algorithms u-
sing convolutional features, the tracking performance has also been improved. The algorithm can accurately track the
target in complex situations such as occlusion and blurring.

Keywords Visual object tracking.Convolutional feature,Scale estimation,Correlation filter

F 5 H 11 .2018-08-09 iR M& H 1 .2018-10-11 AR 307 B R A SRR I A0 H (61462052,11873027) ¥ By,

Z M8 (1993—), 53 A, = EAF 5E 7 10 o0 H AR BR B L 3T LR S, E-mail : lijianpeng19930712 @ hotmail. com; i ¥k % (1975 —), B, i+,
W %042 . CCF 22 5, EEHFFE 7 18 A3+ 5 UL L R AL B, E-mail : shangzhenhong @126, comGlAE/EZ ) s % #1969 —) . B, Wi+, #4z, £
T 7 1) A S AL SE LR



57

ARG L 45 < il 22 )2 6 BURHIE 10 A SC DB iz 2l H A B B B vk 253

1 3l

il

H A5 R 2 TS AL 0 1 B A IR, Tz A
HLAEH. AT R 5 45 Gt . I 4F ok AR DG Uk kR R E ., A
Bolme %M 3 Y 42 Hh 18 22 B /N F J7 A g I 5 % (Minimum
Output Sum of Squared Error filter, MOSSE) )3 , #H 2 1 i
FREMATT . Hodh 2 1553 i MOSSE, DSST (Discrimina-
tive Scale Space Tracker)!™ , KCF(Kernelized Correlation Fil-
ters) T AF AT R BRI A9 RS B TR B H AR AEAE
HAIE AR OGRS AR Ak B P P HUE 2 A TR L A DG IR
R B R v T O L R PR R

FEAHOCUE B S b AR R E IR BOCR W BEE RN R Z
— o ARG F THRE , 0 J7 [m B H 7 B FRE (Histogram of O-
riented Gradient, HOG) . i {4 45 fF % (Color Name, CN) , #fi L4
FHHE B AR AR B W TE AR e 45 52 2 A WS AL AT BL AT
PR L 2R T 1 RO B AL T S BB B R . R TR
JFE A 2] R JRe U, A5 FR Bl 48 I 45 A AR 43 25 L B s U] 5T R
A TR . BIFFE N SO R 28 19 2% 7 T B A R
B AT, B T RAFACRTS . Danelljan %0 & 3. VGG
40w 2 B BURFE B 328 M8 UE B BR i 0 Wy ik AT 2%
S ) K B Y O AR A6 ] A 3 R A H Ay B R AR L Tk i
TR 00 AR & 5 19 28 R 4015 15 2 4 PR B L g
AR T HE AL B AR . AL TR G T TRE . BRI E R A 5
TP IR H 5 i S5 AR AL BE % A A AL BEE bR R B B S )
B, R R A5 BURRE I8 A7 A2 FR AR 28 B2 v M5 B TR AR R A
R PR R — SO g B ST 5 B 2 N 2% R W) %
T2 4 HE AR — B0 0] 3, Ma 450 R 4 6 BURT 20 ) 45 1 45
RS R BRI T 456 2 B A BURRAE . b ML 2 20 19 38 R SR MK, 1%
SRME AT TS A 1k B8 5 (2 2 & BV EE R AR 2 i R —
PRER SR 22 B . 3 S 5 BURF AIE 42 A8 I T AR G 0 I8 AE
BUWE S5 23 52 WA BR B AL S, HCFT (Hierarchical Correlation
Features based Tracker)!'?), C-COT ( Continuous Convolution
Operators for Visual Tracking) ™ 2 5 32 3F oK 41 %t 5 FU1iE
Hro R 2 A5 B IUAR I B SEAT Sk, AR I
K REEROR =2 B0

Danelljan 25 F 2014 442 H T DSST AH 56 3 I IR B2 53 0%
AL L MOSEE N6 R A T HOG AR BRI B8 n T
ROEEARFR Z L3R4S T 2014 VOT HFEME — 4. (A2 H
TAL G T TR AR 45 F B AR B AR L Pediis 3l S SCR AN B
WAZFEA IR BA — R RYE . 23R 2 R A5 B AE X
HirA RaF R IE R R i g B0 AR S i —Fal & 2 2
B AIE B AH U8 D 309 L 78 DSST A 56 Uk il B 5 530 9k HE 2
T fA £ 2 4 BURIE R 52 IR A% 50 F TR AR XT B A5 3k A
RNREBEES . BATRA VGG M4 1 3 4% )2 k2 R
JZ UBY R AR T L 2 7 2 23 50 VI 2R s g IR e B A
— AL B0, 1K H) o i S 4 8 J2 10 W AN A il 7 5 K 1Y
A B H AR A7 & 5 i 32 BOR [ RUE T /Y HOG F$1E
R BT H AR RUBE DUE I H AR ROBEAR AL 5 i 3 ik 0300 67 25
FRUBE 4 BRURE A e T i D A LA 1 H B g AP AR AL

2 DSSTHXEKRIEE X

DSST AH 56 8 I8 B 35 30 vk J2 X MOSSE 559 1) s, 52 81
EROEDACRIANGE RINR =S S [ g N 58 5% Py DR NI R VAl
AR DGR I+ FH 7 Ul e o R D A 9 7 ¥ AT B0 L B
TE TV B A7 Bl TR s e s T A B R A RO
2.1 fEMIt

S TR WL, LU AR A8 L 45 E B bR I E
A — 58 LU S R /N AR BBORE R 0 ISR N o B R e & . 9 T f
FEAAL B I 25 R SCfF B — ol B AR L AE Y P A5 A B A
FEA IR/ . TR g A B i 6 i 8 DR DR B R A RS B Y 3
JE T LA IE B % 1 SR A Y FE R HE AT o (ELR g T B A
HROAFTE 0 G RN T H R AR AS AR T LAY BR ) 1 LA R i %
BN . AR B BEASEAE A HOG $RAEFUK FEAFAE . S T #
RN TEEAINN) & AR =R RO R U =W G D NE TRV $ii
GlEF

= S w frmg 12428 I 1)
Forb o h R IR UE B A » f RN FEIA o HERRAE, * IR
PEIRAR G, g RonFRA — e rm i, [ RORFFMELESL, [ €
{Toeend b A N IE AL R A, 505 ok B0 00 AT 2P 38 23 327 52 B
M 07 55 AL O 22 ) 1 % 2% L 0SB B8 A S B Ak DR A LA
A (2D 43 B2 5 W00 S 0 iy 1E D) AR 30T, AR DG 8 I B B O vk I
AR A5 S TT LA P L AR e AR SC B B,y TR
B BT AR FEI , BT DLEE e B R R . (D B
WA A

[ G (2)

ZFF A

Horbr, KRG 5 B 30K 80 g 1A B o AR 45 S 0 00 A
WL ERIEFIRM N RSP TR A B L DSST &
45 BN 0 07 W T DR A

Al=(—mpAL, +7G,F! 3

BI:(1—77>BI,1+7;;2'IF7F¢ 4
Horb AL B 3RoR i I 25 08 B % 19 4 1 5 4 Bk 0 3R oR AR
B, RonF R, TR T IR BA D0 s g, kA8 U1 2
SENUE BVAE N — Wb a8 H ARG . 78T — Wit DA RS
PIRE KNG B SR IOREAS Z, ol D I8 i RIS 4G 0 A A 5 AR AR
BN I LWL y o BT L R RNy B R Horh 7T R
71 B A 4
Sz
B
2.2 REfit

RUBEAS T A T B 55 AR AR 0 B v A TR R O o 7 AR S
ST . W RO AT A R A HOG FRAE, I #22 1R
JUAR — £ 2 307 o 17 i I R — RO S g . KRR IR
UK AS B BN AL B AR T — WUR SRR IR A 5 RUE R
PR AF B RBE M B . 2 A4S T8 B AR ROEE B S RBE
N v RAE I R B RE

y=7 "{ } (5



254 B N N = R

2019 4F

3 BMEZEERFMENEXIRKIEZ BRREERX

ARSCAE DSST H S gD MESL A AL FH I T —Fh i & £
E TR A SC U B B . BE X DSST Bk HOG H#1iE
Xt E bR R IB R TR R Y B T R IS FURE Al & £ 2 6
FUZ IR Ry S MBI g i e Bdr i E. T8
TRRREAEAE 4L B 52 2% 5 BT BB S T bt S i, 3
ML T B B RUZ B HAE R S IR . B 1 BASCH
20 TR IR FRATTRE B Bk 4y O 6 B I R R TR, fil
F = )26 BURHAE gl A 00 47 B s [ Bl A HOG 45 A5 B H
(782 EFN -

3 .
B | i

iy gy A, HE. RE

. AR B
Y T
9 '( - AL & l%m){g

LA RS E -
ERBE

AR s 3904 ) .
EREE gemn FEX iR

1 i il
B A kR
Fig.1 Flowchart of proposed algorithm
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Table 1  Average DP,OP and FPS of 5 tracking algorithms
F 3 DP/ % 3 OP/% FPS/fps
KCF 44,4 31.8 343.8
CN 42.4 31.9 337.9
DSST 47.1 38.1 59.1
HCFT 76.9 64.8 13.1
R H % 96.0 90.0 6.1
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Table 2 Distance precision of five tracking algorithms in eight

video sequences

BT . %)
KCF CN DSST HCFT A XCH *

Lemming 48.70 30. 80 43.00 41,70 95.70
Human5 26. 40 39.00 24.40 24.50 100

Human6 28. 90 28. 50 44. 80 32. 70 91.70

Bolt2 2.05 1.71 2.05 94. 50 94.90

CarScale 80. 60 72.20 75.80 56. 30 78.20

DragonBaby 33. 60 32.70 6.19 88.50 86.70

MotorRolling 4.88 4.88 4.88 94.50 89.00
Sylvester 84.30 92.90 84.20 85. 30 100
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Table 3 Overlap precision of five tracking algorithms in eight

video sequences

CHL7 2 %)
KCF CN DSST HCFT A XK %

Lemming 43.20 29. 30 27.20 45.70 93.70
Human5 23.30 24.00 24.30 12. 30 100

Human6 22. 60 22. 60 45. 60 28.00 96. 20

Bolt2 1.02 1.02 1.02 84. 60 90. 80

CarScale 44. 40 44. 80 84.90 50. 80 92.10

DragonBaby 31.00 30. 10 6.19 81.40 82.30

MotorRolling 7.93 7.32 6.71 67.10 75.00

Sylvester 82.10 74.20 73.80 81. 60 98. 20
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