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Fopoll 282 4= QIth(Hu et al., 2004). 2] F
S G| S8l 2 2ol HE AAEH B
(generative model)? 72 =2 (Discriminative

model) = U702 = QItK(Yilmaz et al., 2006).

A mde FAs A sk AA o 24HS
g3o] BelS AAdskE Aol o] A mdl
2 3he] AARE 241 -e o] BEFE]
ol FAs= Y Tl FARE AA 7 U
et A 2o Aufjete Aol Atk ol
g FEs S5 98 73 2dS AHS
& At o] E7F B2 FAsA} k=
AA et 11 F9e] A S o]&ate] o] AR
-5 &A(binary classification problem)Z ThH &
T Ak o] &/ EAe AA 4 By ojyt

* o] = 2017\ tiElE wSRe} ARG A Y-S ol F3E A9 (NRF-2017S1A6A3A01078538).
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B &7, T A5 F OIS BoklAE o
A3 JthBatkhuu et al., 2018, Lee et al., 2018,
Kim et al., 2018).
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daste g 2212l S<F(online learning)
ol dgFoltt. 22kl HAF mdd=
Incremental Principal Component Analysis (Ross
et al., 2008)¢ & WHEC| AHE 7Hssith &
gl EFAH Edo =  Perceptron(PE) ¥
(Rosenblatt, 1958), Passive-Aggressive(PA) W
(Crammer et al., 2006), Confidence Weighted(CW)
1H (Dredze et al., 2008), Adaptive Regularization
Of Weight vectorslAROW) ®*H (Crammer et al.,
2009) &2 WHEC] A 7hsEit 9
PE, PA, CW, AROWS} 22 3
Z)(stochastic) HHEo] 017} ok o]
2 WS AH8-3HH 3 A SKoptimization) <

& wjo] local minimag Al 2toloknt st ©H
o] o}, o]} v R F A5 W (Least-Squares,
LS) #H A3} XA ol 2] &(Total-Error-Rate, TER)
2 4-3}9} (Toh, 2008) & ZAA EZ|(deterministic)
W22 global minimumS 2H7] wj&ol local
minima®l] W3 A& SE5L F 3
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HHe S5k A3 Arbset= TER H&
SH(exactly reweighted TER minimization, ERTER)
WS AFE Zlolvh =3, o] AkE ERTER
£ AR Fo] A gate] AR ol

Be e AAFA PRES AAT Aol

il

Hl X (batch) 71¥Fe] FH A8} W2 disiA o
ZolH, 370 = 2k (online) 71¥FS]
3} & Zlo|t}h 4% o)X= ERTER
A Zolm, 5% A= ERTER 7|
Hol 2z WP ES AekE Aot 6FolAE
kol S|

2. Bixl(batch) JIgo| z|43} WHE

2.1 A K& FAs

(Least-Squares Minimization)

H A& 75 (Least-Squares, LS) 343} W &2
3] & A (regression problem)ol| A AFF AF&-E =
W Eo|th o] LS WHEL A5 of E(squared
error)®] &< 7Nt E TS 2 LS £FA4

% 7Y & Utk

0=X"X+sI)"'X"y, (1)
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X+ Ho]H ¥ H(data matrix)o] L, y € {-11}
Bl 2| o] E(target label)©]t}. b= EFAL]
ok gk FA(ill-posed problem)S 3]2A3}7] <
A7+ 3Kregularization) #tolth I+ X'X 9} 2
A9E Zh= @8] S H(identity matrix) ©]Th.

fo rt mg rlr

22 HA| o2 & AEH(Total-Error-Rate
Minimization)

2l LS WHEL Ef(classification) EA|=
g &7 UAE 54 9
“~(objective function)©] 3]7 Aol 53} =l
t}. A ol 2] E(Total-Error-Rate, TER) Z 43}
WA A deE&e sAHAH F8E FH
Z~(positive and negative classes)@ 5% EFH
False Negative Rate(FNR)Z} False Positive
Rate(FPR)®] HI&9 @Oo= Ao HT} (Toh,
2008): TER = FNR+ FPR. ©] TER®?] X3d &
A s ol gt e o] EFA4e 7

T ok
0= (X"WX +51)"' X' Wy, 5

W = dlag(l:L, . .,%,%,. . .,%:lj
n n n n

2ol Gt 7t PHolth n 3 ni= 23
2 ZF2(negative class)®t FAHZAH F=

(positive class)®] AZ AFE LERATE
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3.1 X

(Recursive Least-Squares)

A A 4 A<5H(Recursive Least-Squares, RLS)
LSe] =7 gt AN 22 (sequential)
Z E0]2LE HolHE Lgcloz 53y

W Eolt}. o] RLS WHE2 o= 2o
S & U:] g fuA 1_‘:]‘:

0,=0,+R'x, (5, ~(x0,,). ©
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-1 _p-1 -1 T -1 -1
R'=R' -R'x (1+x, R'x,) xRE 2

2 v ES JePfE 8| A 2K Hessian) 3 Eo]H
o] 3 2ejlo g ShFHTh
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reweighted) 22121 M| 0|2 Z[2A3}

AA H & HA3E x4 HolHd A&
& SJalME eatel BREel BeHolt o
TERS 2210102 HAslsh= WHolHA 24
o2 AtEEe YHE (approximately reweighted
TER, ARTER) T3} Zo] AT (Kim
et al., 2013):

0,=0_+ M/tR;IXt (y, _(Xt 0, ))7 “4)

R =u'R 1R x, (] +xo 'R, ) xR,
L oedlow IEHE S FPolw,

u = Yo Mole gamew o A
2\w, w,
< wolt
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Q, =R,
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o] F4 (12)94 tekstA FH3 HP4
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Ml - a4
4.4 Hotst= sy 2ne|EQ| IR 247] 4% A 2:7)F ERTER W &S o] 83}
o 7 @35 2de o3 #Zo] dojd
B =5ollA Adtsle 28]l g5 dags o)t}
AR .
< WA 74 (13)% ol &3t PP E AlLbat
a1, 724 (14), (15)F o83t e HE & ALt (A )
B} _ ex
A ol F 54 (@) Y PHAE AL o8 e (0, [M,) PY) an
3tH HE &84S 45 & I sum(exp(yt ))
T3 A #F e o3 o] dojd
5. ERTER JI¢e| Mxj|=5 W2 T Ak
B ROl AN O FE WY o -2l
SEl= m w e 3 Pas (0, |M,)~ " (18)
2 I3¥]F FH(particle filter) =25 AHES dist \ Tt 17T sum( exp( dr))
t}. o] 9E]F HE+= Sequential Monte Carlo(SMC)
Wolgtas efA Qlh o] SMCE Bayesian L M le o .
WELE NLoR gt o) gojd 5 quy T FRTER wR7IE g8l Sl sl 4
(Ross et al., 2008): (confidence values)©|™ d = EEdd A

p(M/ ‘01)OC p(ol |M1).[p(M/ ‘M/—l)p(M/—l [Oz—l)dM/—lv (16)

714 M2 o9Ql B Fh(affine motion
parameters)< 7}A= ZJEl|™H S (state variables)©]
31 O, T=1HS(observation variables)©] T}, ©]
SMCE= 7718 BEE trojd 4 . shvte
%2 2d(dynamic model), (M, |M,_)o]L T}
siube= #S model),
p(o, M, )olt}, &
- Z(uniform distribution)Z 7Fgd & Zl o™
A/ A (generative) WHIY EFZ
(discriminative) WH-& Zo] AMEE Zlo|th &
oA Ajbshe #F RS 53 2o v
Ebd 4 ok (Jang et al., 2015):

all

2 (observation

ERAE o] 5 BIS

[e)
mde

p(o, ‘Mr) =& Prrrgr (Ot |Mt)+(1_a)pdist (Of |Mt)7 (17)
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(Euclidean distance)& T-8+ 2Z| % gholtt.
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2 =dAs F4 HEd i 45 Bt

= A 871l HlolEuo] 28t 7] F4 &
18]&3 vwe Aolt} <Table 1> & =79

i
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l

A A42 87l dlolEuo] 2~ &AS g}
AT} (Ross et al., 2008). Bl 3 7702] F4 Ll

%< Incremental Visual Tracking(IVT) =
(Ross et al., 2008), Online AdaBoost (OAB) *'H
(Grabner et al., 2006), Multiple Instance Learning
(MIL) ¥ (Babenko et al, 2011), Tracking-
Learning-Detection(TLD) ®*H (Kalal et al., 2010),
Structured Output Tracking(STRUCK) %% (Hare



Hes| MotsElE 22te A o #|2s 7|8ke] M FX

et al., 2011), Sparsity-based Collaborative Model
(SCM) W™ (Zhong, et al., 2012), Approximated
Recursive TER(ARTER) o] (Jang et al.,
2015) Aok & =wollAe 2 71He Hrt 71+

o2 F3 FopollA A+ AHE-H = Root Mean

Squared Error(RMSE)E A}-8-3}% T,

s H7E SsA 8719 1Eiﬂﬂ°l*9¥
Mo MHEES o] &3l RMSEE Al¢kst=

HEZ(ERTER)# H] L3}t <Table 2>+ A&+
ds& Uehv B4 RMSEE AHE-SHI

I‘EH‘I o,

& AT, A2 FE H5 HEAZ o
. . Eo Z7)HA A|¢Fsl ERTER ®+ = 87
(Table 1) Database for Object Tracking = 1A A e f
o] tlolEuo] 2 Fofl 3749 HlolEMlOl*ﬂW
Database Number of Frames TJ‘E‘ H‘]EJ,]- H]JJ_O}-O:] ﬂ o Oqo_]q X—]
David Indoor 1176 A0 Z A 7]-?5]}: 7] 7]1;11— 2Z3l= v
Car 4 405 £2l ARTER2 &3] A7taH+= 7S 76k
Car 11 303 © &35l ERTER Bt} B A5o] #FH AT
2= oo 2o Zh dare]lEE9] Htd
Sylvester 1368 .
HE T8t Hlwst S o A|QFet= ERTER %
Tea Box 218 M2l AY FE A5 At Zo] BRI
Surfer 375 <Table 3>°l th-3-3E T A (paired t-test) 23}
umping " £ Uehhgith gEe] A0E nsge o
Feln) AT 10] THE LA Z3} vlast
Coupon Book 326
%€ v gol WALk 1 F ARTERS] 23}
(Table 2) Comparison of Averaged RMS Errors over 10 Runs
STR ERTER
Database IVT OAB MIL TLD UCK SCM ARTER (Proposed)
David Indoor 352 41.67 23.53 10.19 8.83 3.29 4.93 5.27
Car 4 3.54 90.43 92.19 7.76 10.02 4.30 231 1.18
Car 11 2.11 14.54 37.38 2822 2.91 1.67 1.62 1.45
Sylvester 78.76 28.63 13.87 8.36 8.92 21.05 8.62 8.42
Tea Box 18.98 16.16 9.96 8.74 7.61 21.34 8.35 7.97
Surfer 106.04 23.23 11.44 6.81 6.00 11.73 8.92 9.56
Jumping 46.75 33.49 15.18 3.78 7.21 3.68 5.82 4.17
Coupon Book 11.84 18.83 21.54 31.67 14.38 3.72 3.61 2.90
Average 33.94 3337 28.13 13.19 8.23 8.84 5.52 5.11
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(Table 3) A statistical significance paired t-test using the averaged RMS Errors

Database VT 0AB MIL TLD S SCM ARTER
David Indoor 1 1 1 1 1 1 1
Car 4 1 1 1 1 1 1 1
Car 11 1 1 1 1 1 1 0
Sylvester 1 1 1 0 1 1 0
Tea Box 1 1 1 1 0 1 1
Surfer 1 1 1 1 1 1 1
Jumping 1 1 1 1 1 1 1
Coupon Book 1 1 1 1 1 1 1
o} mlwal& W 8712 wlojEulo] 2 Foll 67) 7. 48
o] dlolguo] 2ol A frojm| AAE A&

USATH

A AsE vlwskr] 9804l Frame per
Second(FPS)E- T3}¢] <Table 4>l YERAATE
AY F2 452 OAB oA #AZF GO
A|¢Fs}= ERTERS AAHAZ =
ATt ARTER¥} H|W3IGS of =& *é
Z HA A 5 SHAAE §

= @< T AU

ofr I

(Table 4) Comparison of Frame Per Second
over 10 Runs

Method Frame Per Second
VT 239
OAB 36.7
MIL 31.2
TLD 13.7
STRUCK 8.6
SCM 0.5
ARTER 18.5
(PEE;)ESd) 4.3
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Abstract

Object Tracking Based on Exactly Reweighted
Online Total-Error-Rate Minimization

Se-In JANG* - Choong-Shik PARK**

Object tracking is one of important steps to achieve video-based surveillance systems. Object tracking
is considered as an essential task similar to object detection and recognition. In order to perform object
tracking, various machine learning methods (e.g., least-squares, perceptron and support vector machine) can
be applied for different designs of tracking systems. In general, generative methods (e.g., principal
component analysis) were utilized due to its simplicity and effectiveness. However, the generative methods
were only focused on modeling the target object. Due to this limitation, discriminative methods (e.g., binary
classification) were adopted to distinguish the target object and the background. Among the machine
learning methods for binary classification, total error rate minimization can be used as one of successful
machine learning methods for binary classification. The total error rate minimization can achieve a global
minimum due to a quadratic approximation to a step function while other methods (e.g., support vector
machine) seek local minima using nonlinear functions (e.g., hinge loss function). Due to this quadratic
approximation, the total error rate minimization could obtain appropriate properties in solving optimization
problems for binary classification. However, this total error rate minimization was based on a batch mode
setting. The batch mode setting can be limited to several applications under offline learning.

Due to limited computing resources, offline learning could not handle large scale data sets. Compared
to offline learning, online learning can update its solution without storing all training samples in learning
process. Due to increment of large scale data sets, online learning becomes one of essential properties for
various applications. Since object tracking needs to handle data samples in real time, online learning based
total error rate minimization methods are necessary to efficiently address object tracking problems. Due to
the need of the online learning, an online learning based total error rate minimization method was

developed. However, an approximately reweighted technique was developed. Although the approximation

* Department of Statistics and Applied Probability, National University of Singapore
** Corresponding Author: Choong-Shik PARK
Department of Smart IT, Ul University
52-70 Yeonamsan-ro, Eumbong-myen, Asan city, Chungcheongbuk-do (31415), Korea
Tel: +82-41-536-5723, Fax: +82-41-536-5729, E-mail: leciel@ul.ac.kr

Bibliographic info: J Intell Inform Syst 2019 December: 25(4): 53~65 63



technique is utilized, this online version of the total error rate minimization could achieve good
performances in biometric applications. However, this method is assumed that the total error rate
minimization can be asymptotically achieved when only the number of training samples is infinite.
Although there is the assumption to achieve the total error rate minimization, the approximation issue can
continuously accumulate learning errors according to increment of training samples. Due to this reason, the
approximated online learning solution can then lead a wrong solution. The wrong solution can make
significant errors when it is applied to surveillance systems.

In this paper, we propose an exactly reweighted technique to recursively update the solution of the
total error rate minimization in online learning manner. Compared to the approximately reweighted online
total error rate minimization, an exactly reweighted online total error rate minimization is achieved. The
proposed exact online learning method based on the total error rate minimization is then applied to object
tracking problems. In our object tracking system, particle filtering is adopted. In particle filtering, our
observation model is consisted of both generative and discriminative methods to leverage the advantages
between generative and discriminative properties. In our experiments, our proposed object tracking system
achieves promising performances on 8 public video sequences over competing object tracking systems. The
paired t-test is also reported to evaluate its quality of the results.

Our proposed online learning method can be extended under the deep learning architecture which
can cover the shallow and deep networks. Moreover, online learning methods, that need the exact
reweighting process, can use our proposed reweighting technique. In addition to object tracking, the
proposed online learning method can be easily applied to object detection and recognition. Therefore, our
proposed methods can contribute to online learning community and object tracking, detection and

recognition communities.

Key Words : Object Tracking, Online Learning, Total-Error-Rate Minimization, Exact Reweighting
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