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Kernel Classification Using Data Distribution and Soft Decision
MCT-Adaboost

Kisang Kim" - Hyung-1l Choi"

ABSTRACT

The MCT-Adaboost algorithm chooses an optimal set of features in each rounds. On each round, it chooses the best feature by
calculate minimizing error rate using feature index and MCT kernel distribution. The involved process of weak classification executed by a
hard decision. This decision occurs some problems when it chooses ambiguous kernel feature. In this paper, we propose the modified
MCT-Adaboost classification using soft decision. The typical MCT-Adaboost assigns a same initial weights to each datum. This is
because, they assume that all information of database is blind. We assign different initial weights with our propose new algorithm using
some statistical properties of involved features. In experimental results, we confirm that our method shows better performance than the
traditional one.
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Fig. 1. CT Feature Problem
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Fig. 2. Example of MCT Feature Extraction
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Table 1. MCT-Adaboost Algorithm

Input
Positive Train data - If, &, .., If
Negative Train data - £, L', .., 1}”
Boosting

Initial weight
Set initial weights for each train data

1
Positive data weight — W7 (d) = o
1
Negative data weight - Wj(d) = g

Learning
Fork =1, .., K

Create lookup table for each Positive and Negative data
using Equation (1,2)

Extract minimum error rate in position
using Equation (3)

Find optimal position = using Equation (4) in each stage

Weak Classifier - Equation (5)

« value update using Equation (6)

Weight update using Equation (7,8)

Classification : Strong Classifier - Equation (9)

O

Table 194 I& 949 dlolEZ, & =& 4d< 9
g A}eE dolHE gAdolHZ FAF %) Equation (5)
A & F g%l %! &3to] SHEak

o
> A
& Bt mEd AU4E o

%7 7?%’]% g duEESs FYsi=d o] g A
o] Z gFgFHE A9 whebd, tiFEe] sk g
g5s “74];} o o] 271 A ds B2 A5} o
Folx L QIH10]. g L x7| TteAE AAse
o o 7 B AQl e 27| FEAE Tt e
Wiolt) ViolaZb A|¢tet Adaboost= %7] 71525 F53t
Al F9E Wk ofyg} 7]¥2] MCT-Adaboost &ilz]sH=
z7] 7VAE A AAAY. 27| HEAE FYs)
A FE olfe 8 dolee 548 BE 4%, 54 g%
delee] vlFo] A ZEE Ay FES WA Aol
o} SRk sy HlolEe] 5EAS FET & v, 27
NEAE e Fu AL ggstsd ol Hie AME
S 2 FUF glel8l oldl, B =FoME gy dolHe 5
A& FZ5, o]5 o83 27] 7t AAd did Attt

dutz 0 2 Adaboost 845 HolEH Y T4 HolHE H|$&



152 ZENZIES=2X/AZEAN R OO 3% Mo AM3=(2017. 3)

fU

3 o
f = e
= oox o

g el delHz el k. oE 50, 4
A8 e A, oA HolHE AEe] deEs
o] Heof glomn, iagx} dolge] A% naa o
T4 Hol 9tk Fig. 4At A deolg F 5F1

% 572
2 74" £XEE YEIth Fig. 4AdA & 5 ol
o4 dolE= dolHE o frApdol AR H®
A wolg e As e A, Wi s olFolA 9l
71 wjEel, dlolHE ke frabdel EAsty] dEth Fig
4Be] 4§ H4 vy T 5419 5422 7Y £

° Mcﬁ%ém
(B)
Fig. 4. MCT Feature Distribution
(A) Positive Data, (B) Negative Data

o]g3ste] 7t T4 ulolEle} FAdo]E <]

FHS ARbETE A4 o]
Fig. 4A0 A9} Zo] Ho] Q&=
| %%aﬁ], ol¢} wjx & &
o ALkst7] 9= 52dnt
MCT #Adel ds) aii.ﬂ%‘% Aygste] Adnirte]
AALgtE, Equation (10)914% MCT 712 s
17d4317] 918k 2] o)},

=3 B M (z)=T) (10)

x AN A A g Il

Al AU2g

Equation (10)o14 Ah(a, )&=
Mol FA vME4E et 4= QL ESS
Yete v& 34 tdlolE9 F AFE YERIT E( - )&
Qo] F2lo] e A9 15 dsin, AAY A5 05 g9
st olth mA MO R Mz, y,d)v= d A dlolE oA
(z,y) 9121l A& MCT #Adgk-S YeRT Equation (11)9]
A= Equation (10)o|A4 Al4te | AEIS o] &3le] 7t
tlolE o FREZE A3

S@=Y) 3 Knle. M1(z,)) (an

Equation (1D)elA S(@)E dHA do]ge el MCTg:
of d@ete S AELH WNEFE e Aot} wpAEe
2 Equation (12)°914+& Equation (11)of|A 3 k< 7}
AR xdsty] 98l Aarstele 34 YERATE

S(d)

2- XV]S(Z‘)

i=1

W, (d) = (12)

Equation (12)914 W (d)= d A dlelgolA z7] 7t&
S Yehdith, 220 28 F3 o= A dHolEe st
FA 9 F g FA dolE] stEA e Ffol U 05

=
;%
=
o
o}
@]
28
rir
%
)y
o
o &
o
=
ful
:(?l:
Iy
2,
AR

g My Mo
$

Ho
_QL_”

Jn ol Mt oft
oX o Ay T
qT e
o}i 1w, >
2 K oA
O W Hu

Loy

tjo N
4)1

= eH11]

o &

o
Ji)
T,

)
o
fru
=
o

g
o,
o
g .
@
o
2
tlo £

rlu
IR
2
)
ol

P e,

| #& Aol 9l

W, el 7]

A
- o
et

o

4

o
M B
o
=)

b
ot

=
©
)
1o
)

£
il
e
i o
Y1 ox,
oZ,
_O\_(ll
rir
o nE
o
fru
41 K
Mz
ol
1w

it

ge "y
i (o (B rlo

B
N
)
%0,
=
2
= &
=
Ol|_>L
QL -

= oxl o
o
o
o,

=

f
o

il o e

2 e o to
24_‘ 1«
ki

i
N
X
B

fo 1o ¢

-1 Hr 2

o Hu o
N

22

i

e He
~
N

of
-

Hoofh 2o oox fy 8o O n

re
-\:rl’
o,
o
B
o
rO
Ho
re
o,
|
okl
$
N
(i
1o,
o

o
-
_O,r_m
o 2
RUBN

3

U >
Mo & ro
>
=

2 oo
o 24 o

ol
on 2 1
2

YeERATh Fig. 5elA
diele] & sgdolHe] v&s

& tpehic,

Sy

rlo

Jm
= Jn 2
HooX o T
4 2

N S o=

i
k)

Fig. 5. Soft Decision

Dash Line : Proposed Method, Line : Sigmoid Function

Fig. 5914 A& Equation (13)¥} Equation (14)% °]F
ozl Ax ZA ot} ole} o] Al ¥ o|fE A|1RolE
el fAkslk, At SR = ©Esl] wlimol o]ek 2ol
AHEE AT A4 AAE e E Equation (13)7} Equation



1D+ 7 EAdA sl Adel AA 2wdd &ie A%
S AAste WA #ek FAoR FAddolgd 7h-&
FE 0ol 7PAAH, s lH JhESE 19 7k
Zt}. Equation 12)9Jr Eqaution (13)2 Fig. 5ollA x& 3k
A7 AAE Yedd.

A = —— B (13)

g’lé (Ikv'y) +9}’CL (Ikv')’)

0, if R(y) < Th
wm,‘,(fy):{ﬂm—k(le- Th) - R(7)if Th < R (y) < 1— 10 (14)
1, ifl—1T7h

Equation (13)°14 ki Adaboost®] <5t uf == 4y
elditt. Equation (14)9l4 QA 7he F3dolel el ¥4
dolEE FAslE AR RHE 022 st} o]yt
AR HAAZ o]&3o] Adaboostd Qule]E Al Equation
(15), Equation (16)3} 7o Wi o g wWu4] d4-E o] &3k
HHelEE 33t

wp, () = %kexp(—ak  (wmy (M) —0.5)x2)  (15)

1
Wi, (i) = —-eap(

7 a, + (wmy, (M(IF(z,)) —0.5) x2) (16)
2

D= Y0, wm, (Mz,) a7

wAle o 2 2771 Equation (17)9] & o]&ste] 7
AFsHAl Fth. Table 2= Abeh= W ol dag)ss Uehdh

Table 2. Proposed Algorithm

Input
Positive Train data - I, &, .., If
Negative Train data - 4", &', ..., I’

Boosting
Initial weight
Set initial weights for each train data
Positive data weight —

Create Histogram of MCT kernel (Equation (10))

Calculate data importance in each train data
(Equation (11))

Extract data weights from weight equalization
(Equation (12))

Negative data weight — same as Table 1
Learning
Fork=1, .., K

Create lookup table for each Positive and Negative data
using Equation (1,2)

Extract minimum error rate in position T
using Equation (3)

Find optimal position « using Equation (4) in each stage

Weak Classifier - Equation (13,14)

« value update using Equation (6)

Weight update
Positive data - Equation (15)
Negative data - Equation (16)

Classification : Strong classifier - Equation (17)
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