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Abstract

In this paper, we propose a novel tracking method using target separation and detection that are

based on discriminative correlation filter (DCF), which is studied a lot recently. ‘Retainability’ is one

of the most important factor of tracking. There are some factors making retainability of tracking

worse. Especially, fast movement and occlusion of a target frequently occur in image data, and when

it happens, it would make target lost. As a result, the tracking cannot be retained. For maintaining a

robust tracking, in this paper, separation of a target is used so that normal tracking is maintained

even though some part of a target is occluded. The detection algorithm is executed and find new

location of the target when the target gets out of tracking range due to occlusion of whole part of a

target or fast movement speed of a target. A variety of experiments with various image data sets are

conducted. The algorithm proposed in this paper showed better performance than other conventional

algorithms when fast movement and occlusion of a target occur.
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Fig. 1. Overall process of proposed algorithm

3.1. Target Separation
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3.2. Target Tracking
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Fig. 4. cell histogram of gradient image



58 Journal of The Korea Society of Computer and Information

FHHYANA PSRE Akl 7F E50 i3] A EE 5

A3tA ek PSR thresholdgk ©late] 2 F4¢] 7}glo]

AR AY 2] 25T gle 74 At b

AA B=¢] PSR#te] thresholdgt ©]&t2 Hojx™ F73 A4

7b 7HEAAY SdE AT s, SR BEY] HA4 §X]

Ak 71, §X] EA BX] Ayt 94 & ol ¢l

F4& TRdth 54 55049 PSRgke] Ao} 9tk

Belo gigk 42 A& Aeehe, 5489 $1A]

o] FA1S HAZIT} PSRto] Aolgle B2S A9

2 IHE updatedtx] el 28 72 AR, SUE5
7Fel7datell A1 9] PSRgkel thresholde]/de] B£-5-& vhehdth

Fig. 5. process of HoG feature
(a)original image, (b)gradient image, (c)cell
histogram,(d)Hog feature vectors

(RN o ) Lds
RTRARRR R il L l
ey A b ey
r,-i-.'.h" 1.1
e ] e
F T
2 Funalglhey | i
wr iy -',i'l.rl.‘. iy yies
irw'm'!*--nl
[ P Fig. 7. tracking block

3.3. Target Detection
SAHE = ETFHAGES ©]8-3 variance filter, Random

T4 i . .
. ;01 _Ef_h:} ferns W29 ensemble filter® NN(Nearest Neighbor
E5 Fasl . . .
cEm " Classifien)[1017]9k0. 8 Sl 17 & FHMES B2
M ZHzte] =3 L Uit
FITS et 7 2 S wques wde Favee gz e, FsE
AR 7HAIRE S olgete] Sl A7 E5E A 71 ERe] 901 2A ks welE Yol AL 2AsE
- - . o T, AL 2, = = 8 R =
o] FAEI At AT 7 B dis) 2(4),5)5 oA AT} Z=HATE Jo| oA At 2 ATt W
- — = - — — = 1= j=4 —— = h=4
o] g3t FHIHE At v Ty Yol 1A il oS AL X9l E] ANE ALE1HA g B EE 1
=2 70 h=] — = = [} i PR | —1- AL
oldyy olgly ¥A oo sl HogEA A =23 & 1 = S s = = _ - -
BN G S e el Hog T TEE FAE o) e paons s 35 F e A0 2492
S Festal ZHzte] BSd| dia] Wi EE ddEEd o o ° = 2] .0 22
= 2~a=) A}3L0 Tl > = Oﬂlﬂ J—-‘L—@ﬂ]'g] 'IT}\P—':—7]' E;(é 0151-?_]_ .u_;ﬁflTl\} DatCh(ozéuH
AEs FEste] g Eil(response map)S HEA HTh S EA wolzl FelA A Apatch(R AT A L

q

Tracking result

Learning sample - intergration

Frames=1 -
| Fern, P-MN = Learning
initialization sample
Input image -

Frarmes-- |
e -

.4
Rejected patches

Fig. 8. Overall process of detection algorithm




Visual tracking based Discriminative Correlation Filter

Using Target Separation and Detection 59

o] &&te] Sholl ARE3Ith 7z} patchEel ths|A ensemble

filter& AFE3}7] 938 keypoint 214o] W2 random fern¥
715 ARggte), Aol U3 o/l ferns THEL 7} fern
ultl BRIEF featuress FE$ & 8h5S dt}h. BRIEF

featureE9] $1x+= 27] 4 Al vt} dd(random)sHAl 24
wHu, F el wrle] Azidl os) 03 1& mdETh 2(9)
random fern®] AF$ E-E(posterior probability)ol] thalt 4=2]
olm, 1% 9% H Ao tha] BRIEF % 443 vehdt,

k= argmkaXP(Ck|f1,f2, i)
= argmax [ [ Peg1 6o ©
j=1

BRIEF feature

BRIEF feature BRIEF feature

Fig. 9. BRIEF features

SAHA, FAMA Sl el P-N gh5S AR-gth P-Ng}
& gol& ¥ dlolE|(labeled data)$} #olE HA| &L dlo]
El(unlabeled data)E& EF ARgste] o|d #577|(binary
classifier)& F#A7]= Wigolrh 27| Fdo] 1l 4y
v XA TAH s HF TH AL

WS ARE-8H, cascade filter=

filter, NN-filter =02 3%t}

cascaded filter

variance filter, ensemble

Ensemble classifier 1NN classifier
Patch o0 tet 3

;‘ﬂ m-"'..-’."_.
("'f"'r ; ol T Accepted

By * patches

b l

| Rejected patches |

vanance

Fig. 10. cascade filter

a3 10=
of thall thekgk A7) 2 91419] patchE= AAT &
S0 a4 cascade filter 32 &
= A9 kR Y 50%0]5+e] patchES

cascade filterx2] 34L& YehdTh 4 A
Z} patch
gt} patch variance ¥HA| o]
AR 9%
gty W2 patch® 5 @edt 459 patchES WEA
78}od, ensemble f1lter9]r NN-filterdl] Y%= patch 4
Zo AREEY o|5& 7FMq2H. variance filterE F33F
patchE°l thall ensemble filteroll A random fern?] AFE-3H&
NN-filter?] 8oz &

o 2>

rulm 2

& &l ek, £5E patchE2

oj7kt}h. NN-filter= 4] ol Y&l weh A= &+
gt |EE wAS sl 2E dE A 15x 15719 p
= Aatsk sto] Atdn dele] 7 HAE A7 p, pet @
o, A=k A de= 21007 2k

d(p;>p;)=1—0.5(NCC(p,,p;)+ 1) (10)

o]w] NCC+ normalized correlation coefficientS LER
th di 0~1 Alole] &S 7HAA =9, kol 0 7Meas
Y217+ Al 7k AL Qugit JE x| tis] 24
9 B A o] ARE 4(11),(12)9F 2t

ar :pgg+d(pv Pi) (11)
e :prlnelgid(p, ;) (12)
j

91 590) <l SJeise 7k 3 e v A E oo,

2 ofuZol] koA ekl At Al $4(13)3 2o,
— d7

- (13)

d ke 0~14e] 2 7Hn, o] 5% 3494, &

T A7e AAE enlde A Ak o A5 A%

4 Foe BT, A3 F1E T ol B A4S

V. Experiments

4.1. Test Environment

2 iEPoﬂH AAgE darE|Fe] AE gRlskr] 9lal AH-H
AFH 4L Intel 17 CPU @3.40GHz, 8.00GB Memory,
Windows 7 64bit ZAdA FAEFL, AHEH SWES
Microsoft Visual Studio 20129} Opencv 2.4.108 ARE-31I T},

4.2 Experimental Datasets

Age] g FPdolEE A1t mhe mae 37918
7119 BOTbleksh RAELE Abgstel 4 B9 33

S AR ST OF 118 S0 ARgE A9 dolEE Y
Wt} (a)EO_car, (DEO_truckS E=29E da|Hx] AR}
U5l 71 o] WAletE 9o, (a)EO_carte 7h2ke] o]

ol Qo) FAT LAl Y Felth. (IR trucke 2



60  Journal of The Korea Society of Computer and Information

;

291 7Hgo] EASt: golH, (DIR_cars A3 ©
A A=A 7He] e /ol

4.3 Experimental Parameters
ARbshe GarelFel AMEEE @dFAEA 3
+E ¥d W learning rate (\) #2 0.020]= A3}
3, A FRA s d9S 149 ZHH”} 744 2.7
3 paddinggk 1% HAGE BAo% at= o= dr
output gaussian sigma 0.5% AR om, J—JL-Zj]‘O/] E45
o] A}-8¥ Hog¥el W4E feature= 87l, Hog Cell Size
Block Size 22 A73I3it), BXA-A WA fern trees
107}, BREIF featurest 1371E AM-3}SIt). response map
oA Zlgldttel] AMEEE PSRE AXlE7] A3k At
11X 112 2333t

J&“
e
3
-0,
2,
o

=

o 4o 38

4.4 Tracking Performance Evaluation

e 92 ground truths
A2 AgA L E=(Distance Precision)&
U 4% A4 Zd Sl 54 dAREY 22
et Al eakg /e ZddEe] 7 E vEE Y
t}l. DP= A(14)el oA AltEr, A &= FEd A
olaL r& daE|Fel o) ALtE A, g AAEA
vebdth ground trutheke] Agxp7F 2 o)A DP
A vebd AS- FAAG0] FrkaL of 7| gt

ZHAAL AL, BAFA S

A8kl A

F

S

oL

lo = iy oxt

N0
24

(

e

O R T L N )

N

EAM ) (14)

1—1
_[Lif Al )gth,theR
Aunlr.g)= {O, otherwise

(a) (b)
- !

Fig. 11. experimental dataset
(a)EO_car, (b)EO_truck, (c) IR_truck, (d) IR_car

4.5 Experimental Result
ad 128 Ag9ded A

Precision)& YEeRITH

v ANAE

%= (Distance

Distance Precision Plct Distance Pracision Plot

Distarce Threshold Distance Taresncld

—NOSS —proposed —mruliDCF —MOSE —propesed —mitigCF

(a) (b)

Distance Precision Flot Distance Pracision Flot

H 10 15 2 5 0 0 § 10 15 2 5
Distarce Tareshold Distance Tareshold

—MDSE —propesed — muki-DCF —MOSE —propesed — muki-DCF

(c) (d)
Fig. 12. Distance Precision

(a)EO_car, (b)EO_truck, (c) IR_truck, (d) IR_car

a7 120014 749 2 ofo] glal FA & =g/ o] Fdh=
©), (EFGENA= 37 Y 27 vlsedt 2s yehdigid,
(©)o14 MOSSEZH 9] A Ad =7} E}i "olzl 3 Ego] o]
Foll F-27Fdel o9k Asjolr), Egjo] 7] £E= o FshiA
il LSl 23 7ol ‘?—l*ﬂﬁ}t (b) gl At ear
glo] e dagland $2 d3ks HojFlan, AR oleSirt
W1 FAZE 5P ofFo] Q= (@)l Ak arelFol

2 gl Hlﬁﬁ ARAF AkE BolFln 4] £57b
=g|al 7hdsol] RIMeHA] o2 St 3714 darejsol vIseh
A BYIAgE, Z}o«l S5k WA 271 7k el
A8k spe] ofgo] FAsH Wehs SgelA= AgtE dar
gl5o] Aleke Bl

V. Conclusions

B R $40) Qdge] e} B 245 1A
o 7K mE R, FAS AdolF g% BH AL
ARSI S8 PR Avngeh FEE AR dds)
7) 913 B Raslel A7e] JRAHE PHAA. 47
o JRaE PSREkS olstel WHOPES Wesil,
A B ARE wel BEL Aol FARE vl
NEEr} e BA ARRS SE FAF 549 A
AZE AL, §AF Ao EOR el FHREY F
4 ks WIS Wolut 24 BE BE 09HUS 35 @
A dueFA B4 A BAE FABT B4 A B
[0 4RRES] PSR Aol F4 Folglul EH
| 80l F FHL ololitk. 4719 G4 Bal AFE FHat



Visual tracking based Discriminative Correlation Filter

Using Target Separation and Detection 61

duelFe] 84S TGl HHo] =g i for human detection,”IEEE Computer Society Conference
o] 7}&o] ¥ EIA] e A E BF 2o AIE HY o on Computer on CVPR, 2005
U, BFHo &%y} w21 7o uiMshy 223k A|Ho]Ee]  [10] M. Calonder, V. Lepetit, C. Strecha, and P. Fua, "Brief:
9= Ao A= ok ug|Ze] b 2o ARE Rt} Binary robust independent elementary features," In
olo @ [ WO AL B olugES JAEke] A Proc. of European Conference on Computer Vision, 2010.
2 ole ATE WYY dgeln, JHHae] AHgH 54
A FEWAS HoGsh the 547 2942 Abgale] ula
ABe AR dolr)

REFERENCES

[1] A, W. M. Smeulders, R. Cucchiara, and A. Dehghan, “Visual
tracking: An experimental survey,” IEEE Trans. on Pattern
Analysis and Machine Intelligence, Vol. 36, No. 7, pp.
1442-1468, Jul. 2014.

[2] Y. S. Jung, and H. L. Choi, "A Study on Improving the
Adaptive Background Method for Outdoor CCTV Object
Tracking System," Journal of The Korea Society of
Computer and Information, Vol. 20, No. 7, pp. 17-24.
Jul, 2015.

[3] D. S. Bolme, J. R. Beveridge, B. A. Draper, and Y. M.Lui,
“Visual object tracking using adaptive correlation filters,”
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, pp. 2544-2550, San Francisco,
Calif, Jun. 2010.

[4] J. F. Henriques, R. Caseiro, P. Martins, and J. Batista,
“Exploiting the

circulant structure of

tracking-by-detection ~ with  kernels,” European
Conference on Computer Vision, pp. 702-715, Springer,
Berlin Heidelberg, Oct. 2012.

[5] M. Danelljan, G. Hager, F. S. Khan, and M. Felsberg,
“Accurate scale estimation for robust visual tracking,”
British Machine Vision Conference, pp. 65.1-65.11,
Nottingham, England, Sep. 2014.

[6] M. Ozuysal, P. Fua, and V. Lepetit, “Fast keypoint
recognition in ten lines of code,” in Computer Vision
and Pattern Recognition, 2007. CVPR ’07. IEEE
Conference on, pp. 1-, 2007.

[7] Z. Kalal, J. Matas, and K. Mikolajczyk, “P-N learning:
Bootstrapping  binary  classifiers by  structural
constraints,” in Computer Vision and Pattern Recognition
(CVPR), 2010 IEEE Conference on, pp. 49-6, 2010.

[8] Z. Kalal, K. Mikolajczyk, and J. Matas, “Tracking-
learning-detection,” IEEE Transactions on Pattern
Analysis and Machine Intelligence, vol. 34, no. 7, pp.
1409-422, July. 2012.

[9] N. Dalal, B. Triggs “Histograms of oriented gradients

Authors

received the M.S.
degrees in Imaging Engineering from

Jun Haeng Lee

Chung-Ang University, Seoul, Korea in

2006, respectively.
working in Hanwha Systems Co., Ltd,
" . Yongin, Korea, from 2006. He is
-

interested in computer vision and pattern recognition.

He is currently



