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Supervised Rank Normalization for Support Vector
Machines
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Abstract

Feature normalization as a pre-processing step has been widely used in classification problems
to reduce the effect of different scale in each feature dimension and error as a result. Most of the
existing methods, however, assume some distribution function on feature distribution. Even worse,
existing methods do not use the labels of data points and, as a result, do not guarantee the
optimality of the normalization results in classification. In this paper, proposed is a supervised

rank normalization which combines rank normalization and a supervised learning technique. The
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proposed method does not assume any feature distribution like rank normalization and uses class

labels of nearest neighbors in classification to reduce error. SVM, in particular, tries to draw a

decision boundary in the middle of class overlapping zone, the reduction of data density in that

area helps SVM to find a decision boundary reducing generalized error. All the things mentioned

above can be verified through experimental results.

» Keywords @ Support vector machine,

Supervised learning
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Fig. 2. Feature distribution of iris data sets
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Rank Mormalization

1

w0
p p
09 B
PR PR
x  x x
0.8y MMM M M % |
07k oMok w %3
P %
06} B
[ ® XX X X X
w o
05r o o % ]
04} B
o] [ olo TR I
03r 5 o ooo ® 1
02f B
OO oo O
01k CSO joln e} o] q
0 . . . .
0 0.2 04 06 0.8 1
(c) 3 Hst
Supenised Rank Normalization
1 T — o
09 # R R
. e O
osf Sl
0.7F 1
06r @ = x wx o xw %
05F « o 1
04 o] e} Q =
03F 1
gol cow @ [ I |
o] o] jerel ®
0ropaae o 1
aXels) o
0% 1 1 1 1
0 0.2 04 0.6 0.8 1

(d) 1A} A3 st

%l 3. Zsjol| e HolE &=
Fig. 3. Data distribution according to
normalization method

Max-Min Normalization

08

0.7

0.6

05

04

03

02

" 02 04 0.6 08 1

(a) Zoh-=|2 Frst

01r

X =3IV (14)
j=1

>
=
ot
3{1
)4
fru
i}
ox
QL‘
R=)
1>
_
3]

21 (13)3 4 (14)1
=4 (10)3 FLE 4]
st W2 3 P e Edehe dukstd 93
Ztst welgta & 4 gl

Aol s A8 AdE AHSshe SVME ARSIt 4
Fell A8 dlo]ElE Fisherd] ofolg]~ Hlo[H & ofo]g]~
teolEle 43 5% wE 150707} 3709 Feizel a3
o] Sitt. ofolg] A dlolE]9] 41 §4 Z AZoM = 9l
o] 27) E42 Adsle] A2 tE 21 54 WE S VA=
671e] M2 ofolE] 2 HlolE] HFE wHE] AHEBISITE. of
o]g]~ Hlo]El+& setosa, versicolor, virginica 3709 Z
22 o] Fojz] YA AFA THE 67119] ofolg] HlolE
Felli] MYPoz Ryt E7Fse AS$= versicolor®t
virginica®] B2 ©l& F Ze2vE Al setosaw A
B5kA] @3kt mebx] Aol ALgE HlolE = 244 e 54
HEIE 7R versicolor$} virginica A2 FAECH
7} dlelelE 100719] AE=2 o] FfIch 7 2% 6719 Al
2 dlold s vehd 2oz A WA dolH [ el
T 2ot Bl AAe A2 B 4 it

E4 Atst WEe F EA%] Wt st
=5 (0 1) H91e Ai-Ha s}, @22 Frs), 28a

Rank Normalization Supenised Rank Normalization
1
09
08 @ d
@@ 1 o7 J
@@
06 & @ @ 1
@ 28 4@ s |
& @ @ - @ @
04 R @ @
+ @ e @
+ + mme @ 1 03 1
02 + @ @ ® @ |
+ ot + St e @
+ + + 1 0 b 1
L+ +
0 0.2 0.4 06 08 1 oz 0.4 0.6 0.8 1
(b) &3 st (c) WAt A3 Hrst

J% 4. Fs} BiHol| a2t SVMo| AESH ZAH
Fig. 4. Decision boundaries w.r.t. a normalization method



SVM= 91 wAF B3 Aqtsk 37

CAd-Hx Gaske 5

9@
A A 2 FA9S s a4
oE] A=}

Azke] WelRo] WA
gtk 9= giehs 7

o

A BEoME HeolH IJAEE
SVMe] ZAEE B} 44 ’é a5
39] Hta3t w9l test-on-train WHOZ SVME &
&3 A= 7 49 2on A4 - 0 /E 6%, 6%,
5%z At WA 71 AL 075 Bt I3 49A
£ 2F7F 1% AA BolA|Wt ol fAkE BA749] HolH
IJAETF BAA 7] wiZelct.

Al 7 ] HwE A 6789 slolE gkl thal
10 fold crossfvalidation% Attt wAl B3 At

1A 52 015 S A Hele] TAE o] 10%
1002 4970z FYIE, B 16 48 Aok sk
Zelet.

29 2094 2 5 9E0l 3w dole] ¥ T 2ol

2] A sk A

3104 977} wAaisich. Al Wl
]o] 1 21—:‘7}0 ﬁ_c,Loﬂ‘_‘:_ ;%]

3 ek b 2 efe B
Auk 2= Rske] AL Auk 4i A4 Hitsie} 2
AV U2 A5 BTt W o] =&llA Aok wat
B3 gitste] A 2E vlole JAPelA Hoh-H2 st
B3 gatste Y U2 Aed ot

e =

E1. 43z ek

Table 1. Summary of experimental results

27 (%)

XI5 - -

1 31.0 31.0 31.0
2 7.0 7.0 6.0
3 7.0 8.0 7.0
4 7.0 6.0 6.0
5 8.0 8.0 8.0
6 7.0 6.0 6.0
bR °F 11.2 11.0 10.7
e o=

ﬁ:i ;I;TD 7.2 7.0 6.6

it
o,
1o
o,
3
de
=)
~
Y <
o i
fo ro > M
> oo THI
o _‘ilL‘
B
N
2
2&
)
5V
N
fr

®
30,
1] 10
=)
iy
=
[>
T,
i)
o o
=
=
Y
0
}5
A p Kooy 4o
o:ﬁ
o
s
o

%0
T
ot
B
)
N,
i
o
=
Lo S
Ik K
a4
o,
Lo,
M

|

N
)
rO
1>
1
I\
¢
=2
o
By
Y
ke
i
59
O
_O?LT
>

o,
r
Mo
o,
>
rir
o Jfm
oX,
o
LT
Hd
il
N
oX,
QL
N
5o

¥
o
E
g
{u
o
zerg'mlo@i
E%‘rlr
iﬁ%
i o,
® o, =
F
OE—\\_—("lm
% L
o My by
553
_o’ (o3

g
o
Hu
ox
=

Hlolg FOIESo

ARAL A & &

&b Hlole %<l
=t

N b Im
s
o, Wi
jz ]
2,
TEw[E
T o
S Lm fr
o o i)
(o3
lu ? w
SR oft
=4 éo 1o,
L B
rr [Re)
e o E“E
23 o2 [»
o % 18 2

p=

A< Wo] 7]& Wi Sl Hla] ek A BolAT
R 7] ANAde] shssitt WA H2H o] o] e 3 H2H
o]g] ¥xol| W 7154 NN, & AHske Y
dNE dedoz AYHen Ho} AA#e

Hlo] g Zlo AZEr. T WAl
gk 7Pgoltt. o] =RelME dAiteke nEls) 2t §
MEF oz Htaletn IAT e ABAAE sl
32 A A5 nejslE dar E
o] M4 AHE AT H2H ol hﬂ g T A
ket T A S o U2 A o] o] £ 9l
< 702 7ldish oo digk A7t 1 F ek

I
re

=

(1) Vladimir Vapnik, Statistical Learning Theory,
John Wiley & Sons, New York, 1998.
(2) Ingo Steinwart, Andreas Christmann, “Support

Vector Machines,” Springer, 2008.
(3) Ashis Pradhan, “Support Vector Machine - A
Survey,” International Journal of Emerging

Technology and Advanced Engineering, Vol. 2,



38 Journal of The Korea Society of Computer and Information November 2013

No. 8, pp. 82-85, Aug. 2012.

(4) Selim Aksoy, Robert M. Haralick, ‘Feature
normalization and likelihood-based similarity
measures for image retrieval,” Pattern
Recognition Letters, Vol. 22, No. 5, pp.
563-582, Apr. 2001.

(5) Keinosuke Fukunaga, Introduction to Statistical
Pattern Recognition, 2nd edition, SanDiego,
AcademicPress, 1990

(6] Rafeel C. Gonzalez, Richard E. Woods, Steven L.
Eddins, ‘Digital Image Processing using
MATLAB,” McGraw Hill, 2011.

(7) Andreas Stolcke, Sachin Kajarekar, and Luciana
Ferrer, “Nonparametric Feature Normalization
for SVM-based Speaker Verification,”
Proceedings of IEEE International Conference on
Acoustics, Speech and Signal Processing, Las
Vegas NV, pp. 1577-1580, March 2008.

\

IR ]|

o+ 3%
1989: =Hi|gla
ARye} FIAL
1992: A
AArEste AL
2000: AAdet
27 7A5E B FEhuAL
& Al dgdsta
AFE T g
ol GAAE ATAE,
eI

Email : sjlee@uhs.ac.kr

548
1994: A
AApEst e,
1996: Aot
BABET} TN,
2009: University of Florida
AFEESt Bt
Al Bt AApEEt ng
R A5, ARG,
2R3}

Email : hgycap@deu.ac.kr



