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2. SVM(Support Vector Machine)
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f(x) = w · Φ(x) + b (3)
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→ �7�G�= (6)
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0 <= αi <= C (i = 1, · · · , l),
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αiyi = 0 (7)
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Fig. 1 Category of feature selection algorithms
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�f �w �¤ �w ”Deterministic, Single-Solution Meth-

ods”�§�Â�°�æ�t
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�h�ð�J�w�r�U�M�m�‹�‰�a�t�s�”�>���æ�$ (determinis-
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�Ã�›
ÿ�•�`�h�“�n�’�`�h�“�b�”�‹�w�p�K�”�}
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:�U 0 �w	Ý�6�T�’

�µ�»�”�Ä�`�›�Ã�›
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�Ë�m	Ý�6�T�’ �µ�»�” �Ä�` �› �Ã�› �_	†�` �o�M�X�M�O

�p�| backward ���q�z�y�•�”�‹�w�p�K�”�} foraward ��

�ž�ç�°�æ�¶�Ü�w�E
¯�«�q�`�o�| Whiteney [9] �U���Š�`

�h SFS(Sequential Forward Selection) �U�K�“�| back-

ward ���ž�ç�°�æ�¶�Ü�w�E
¯�«�q�`�o�| Marill [10] �U

���Š�`�h SBS(Sequential Backward Selection) �U�K
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�\�•�’�x 1 �M�²�i�Z�w�s�g�ž�ç�°�æ�¶�Ü�p�K�“�|�7�‘

�w�›�Ã�w
Ê�ù�d�›�{�Š�”�\�q�x���É�p�K�”�}�f�\�p for-

ward ���q backward ���›
Ê�ˆ�ù�˜�d�h floating ���ž�ç

�°�æ�¶�Ü�U�Z�€�^�•�h�}�\�w�ž�ç�°�æ�¶�Ü�w�E
¯�«�q

�`�o�| Pudil [11] �t�‘�“���Š�^�•�h SFFS(Sequential

Floating Forward Search) �U�K�”�}
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$ 2 �Ê� �¶�w�s�M�Ã�”�»�p�w�Ý���¥�„�q�±�Ù�”�Ä�Õ�«�»�”

Fig. 2 Decision function and support vector in the

non-noise data
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4. �Ú �” �´ �ï

4. 1 Normal Margin(NM)

2. �p	\�‚�h SVM �w�Ú�”�´�ï (Geometric Margin)

�›�|�Š�æ���p�x Normal Margin(NM) �q�z�•�\�q�t

�b�”�} Normal Margin �x�¢�£� �Ä�Õ�«�Ä�ç w �›�;�M

�o�Ž�<�w�‘�O�t�{�Š�”�\�q�U�p�V�”�}

NM =
1

‖w‖ (9)

�‡�h ‖w‖ �x�Í�w�‘�O�t�s�”�}

‖w‖2 =

l∑
i,j=1

αiαjyiyjK(xi,xj) (10)

�`�h�U�l�o Normal Margin �x�Í�w�Ü�t�‘�l�o�-�‰

�b�”�\�q�U�p�V�”�}

NM =

(
l∑

i,j=1

αiαjyiyjK(xi,xj)

)− 1
2

(11)
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$ 2 �w�±�ï�Ó�ç�x�¤�«�å�µ�t 10 �x�w�±�ï�Ó�ç�U�)

�Q�’�•�o�M�”�ì
¶�s
¢��
ü�m�ð�J�p�K�”�}
$ 3 �x�|
$

2 �w�±�ï�Ó�ç�t�f�•�g�•�w�«�å�µ�t�°�m�c�m�w�±�ï�Ó

�ç�›�å�C�`�h�‹�w�p�K�”�}�h�i�`�î�M�w�«�å�µ�q�x
S

�0���w�¬�ç�”�Ó�t�f�•�’�±�ï�Ó�ç�U�Ö�“���œ�p�M�”�}

�\�w	Ô�ù�|
$ 3 �w�‘�O�s�Ý���¥�„�›�¾�X�\�q�U�p�V�”

�U�|�å�C�`�h 2 �m�w�±�ï�Ó�ç�x�Ÿ�s�”�«�å�µ�w�¬�ç�”

�Ó�t�Ö�“���œ�p�M�”�h�Š�ì
¶�t
ü�¨�b�”�\�q�x�p�V

�s�M�}

�\�w�q�V�|
$ 2 �w Normal Margin �x 0.233 �p�|
$

3 �w Normal Margin �x 0.308 �p�K�l�h�}
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$ 3 �Ê� �¶�w�K�”�Ã�”�»�p�w�Ý���¥�„�q�±�Ù�”�Ä�Õ�«�»�”

Fig. 3 Decision function and support vector in the

noise data

�\�w�‘�O�t Normal Margin �›�;�M�”�q�|
$ 3 �w�‘

�O�s�ì
¶�t
ü�m�U�p�V�o�M�s�M	Ý�¯�w�Ì�w�Ú�”�´�ï�w

�M�U�|
$ 2 �w�‘�O�t�ì�3�s
ü�m�Ò���Ø�U�¾�Z�”�Ì�w

�Ú�”�´�ï�‘�“�G�V�X�s�l�o�`�‡�O�\�q�U�K�”�}

Normal Margin �x�±�Ù�”�Ä�Õ�«�»�”�q�s�”�±�ï�Ó

�ç�T�’�{�Š�”�\�q�U�p�V�”�}
$ 2 �t�S�M�o 2 �x�w�±

�Ù�”�Ä�Õ�«�»�”�› a,b �q�Ê
Ç�Z�| Normal Margin �›

�{�Š�”�a���›
†�Ì�b�”�} Normal Margin �x�Ü (11)

�‘ �“ (αaαayayaK(xa,xa) + αbαbybybK(xb,xb) +

2αaαbyaybK(xa,xb))
− 1

2 �p �K �” �}�\ �\ �p yaya =

1, ybyb = 1, yayb = −1 �p �K �“�|�Š �æ�� �p �x �§ �”

�É�ç�t �Ü (2) �p�Ô�b Gauss �§�” �É�ç�›�; �M�h�h�Š

K(xa,xa) = 1, K(xb,xb) = 1 �p�K�”�}�`�h�U�l�o

(α2
a + α2

b − 2αaαbK(xa,xb))
− 1

2 �q�s�”�}


$ 3 �t�S�Z�” Normal Margin �‹�‰�7�t�{�Š�”�\�q

�U�p�V�”�U�|
S�0���t�Ö�“���œ�i�Ê� �¶�±�ï�Ó�ç�U�±

�Ù�”�Ä�Õ�«�»�”�t�s�”�h�Š�f�•�›�ß�€�`�s�Z�•�y�s�’

�s�M�}�\�w�‘�O�s�±�Ù�”�Ä�Õ�«�»�”�› bad SV(b-SV)�|


Y�`�X
ü�¨�^�•�h�±�ï�Ó�ç�p�±�Ù�”�Ä�Õ�«�»�”�t�s�l

�o�M�”�‹�w�› good SV(g-SV) �q�z�•�\�q�t�b�”�}�Ü

(11) �p Normal Margin �›�{�Š�”�M�|�Ÿ�s�”�«�å�µ�å

�Õ�ç�›�Ë�m�±�ï�Ó�ç�t�S�Z�” b-SV �q g-SV �w�ò�w�‹

�x
Û�q�s�”�}�‡�h�f�•�’�x�¬�ç�”�Ð�ï�¬�t�S�M�o�‰�°

�w�§�Â�°�æ�t�Ö�l�o�M�”�h�Š�|�±�ï�Ó�ç���w�‘�m�U
$

2 �t�S�Z�” a,b �w�‘�m�‘�“�‹	–�^�X�s�“�§�”�É�ç K �w

�‹�U�G�V�X�s�”�}�`�h�U�l�o
Û�w�ò�w�‹�U�G�V�X�s�“�|


¶�.�q�`�o Normal Margin �w�‹�U�G�V�X�s�”�}

Normal Margin �w�‹�x�|�Ê� �¶�U�±�ï�Ó�ç
¶�.�w

�r�w�•�”�t�Ö�”�T�t�‘�“�G�V�X�!�˜�l�o�`�‡�O�}

�Š�æ���p�;�M�h�«�w	Ô�ù Normal Margin �›�;�M�”

�q�|
$ 3 �w�‘�O�s�ì
¶�t
ü�m�U�p�V�o�M�s�M	Ý�¯�w�Ì

�w	Ô�ù�w�M�U�|
$ 2 �w�‘�O�t�ì�3�s
ü�m�Ò���Ø�U�¾�Z

�”�Ì�w�Ú�”�´�ï�‘�“�G�V�X�s�l�h�}�b�s�˜�j�|�Ý����


:�w�‘�^�q�Ú�”�´�ï�w�G�V�^�U�&
~�t�0� �`�s�M	Ô�ù

�U�K�”�\�q�U�Ì�’�T�q�s�l�h�}

�›�Ã
¬�R�w
°�A��
:�q�`�o�Ú�”�´�ï�›�;�M�”	Ô�ù�|

�\�w�‘�O�s�ð�J�›�r�>�`�s�Z�•�y�s�’�s�M�}�s�e�s�’

�Ý���t���`�o�™�¯�›�Ë�h�s�M�›�Ã�w	Ô�ù�|
S�0���t�Ö

�“���œ�p�`�‡�l�h�±�ï�Ó�ç�U���M�h�Š�|�f�•�’�t�‘�l

�o
°�A�‹�p�K�”�Ú�”�´�ï�w�G�V�^�U�&
~�t
¯�q�^�•�s

�X�s�”	Ô�ù�U�K�”�T�’�p�K�”�}

�f�\�p�Ý����
:�w�‘�^�›�ß�€�`�h�Ú�”�´�ï�| Confi-

dent Margin(CM) �›���Š�b�”�}

4. 2 Confident Margin(CM)

�Ý����
:�w�‘�^�›
¯�b�h�Š�t�|
Y�`�X
ü�¨�^�•�s

�T�l�h�±�ï�Ó�ç�t�0�`�o�Ö�Æ�ç�Â�Ÿ�›�)�Q�”�\�q�U

Confident Margin �w�›�Ã�p�K�”�}�\�w�Ö�Æ�ç�Â�Ÿ�›

Confidence �q�z�•�\�q�t�`�| Confidence(c) �›�Í�Ü�t

�‘�l�o���[�b�”�}

c =
1

l

l∑
i=1

yif(xi) (12)

�\�\�p f(xi) �x�Ü (5) �p�Ô�`�h�Ý����
:�p�| yi �x�±�ï

�Ó�ç i �w���b�”�«�å�µ�| l �x�±�ï�Ó�ç
:�p�K�”�}�\�w

�Ü (12) �‘�“�|
Y�`�X
ü�¨�^�•�s�M�±�ï�Ó�ç�U���M�„

�r�Ý����
:�w	ô�T
Q (confidence) �U	–�^�X�s�“�|�Ý��

��
:�w�‘�^�›
¯�b�\�q�U�p�V�”�}

�\�w Confidence �›�;�M�o Confident Margin �›�Í

�Ü�w�‘�O�t���[�b�”�}

CM = c · NM (13)

Normal Margin �q Confidence �w
u�›�q�”�\�q�p�|

�Ý���¡�“�U���M	Ô�ù�w�Ú�”�´�ï�w�G�V�^�x�|�Ý���¡�“

�U	—�s�M�|�K�”�M�x�Á�M	Ô�ù�t
z�‚�o	–�^�X�b�”�\

�q�U�p�V�”�}�b�s�˜�j Confident Margin �x�Ý����
:

�w�‘�^�q�Ú�”�´�ï�w�G�V�^�›�&
~�t�0� �^�d�”�\�q

�U�p�V�”�}�‡�h�Ý���¡�“�U�s�M�‘�O�s	Ô�ù�t�S�M�o

�‹�|�Ý����
:�w	Z�—�‹�q�±�ï�Ó�ç�w�«�å�µ�w
u�t�‘�“

confidence �›�{�Š�o�M�”�w�p�|�Ú�”�´�ï�w
ì�0�$�s�G

�V�^�•�w�è�¹�x�s�M�q�t�Q�”�}

�s�S�| SVM �t�S�Z�”�Ý���¥�„�w�7�&�=�t�S�M�o�x�|


Y�`�X
ü�¨�^�•�T�m�Ý���¥�„�T�’	F
ü�t�m�•�h�±�ï�Ó

�ç�t�m�M�o�x
°�A�w�0	Å�q�x�^�•�s�M�}�\�w�h�Š�|	Í

�G Confidence c �t���`�o�‹ c �U	F
ü�t�G�V�M
Y�w�‹

�t�s�l�h	Ô�ù�t�x�\�•�›�^�è�^�d�”�\�q�p�|
°�A�‹�›


M�v�b�”�M�O�U�ß�Q�’�•�”�}
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�æ���—Confident Margin �›�;�M�h SVM �w�h�Š�w�›�Ã
¬�R	��O

�`�T�`�|�'
‹�î�g�w�A�L�|�\�w�‘�O�s
M�v�›�)�Q�h

	Ô�ù�t�x�| CM �‹�›�;�M�h�›�Ã
¬�R�t�S�M�o�‘�·�s�›

�Ã�w
¬�R�U�æ�Q�s�M�\�q�U�˜�T�l�h�}�\�•�x
°�A�‹�›


M�v�b�”�\�q�t�‘�“�|
¬�R�^�•�h�›�Ã�·�¿�Ä�]�q�w
°

�A�‹�w�)�U	–�^�X�s�“�|�›�Ã
¬�R�w
^�S�U�X�j�”�h�Š

�i�q�ß�Q�’�•�”�}�f�\�p�Š�æ���p�x�\�w�‘�O�s
°�A�‹

�w
M�v�x�æ�˜�c�|�b�‚�o�w�±�ï�Ó�ç�›�;�M�o c �›�-�‰

�b�”�\�q�q�`�h�}

�î�M�t
$ 2,3 �w Confident Magin �›�{�Š�h�A�L�›


¯ 1 �t�Ô�b�}


¯ 1 Confident Margin �q Normal Margin �w
z�±
Table 1 Comparison between Confident Margin and

Normal Margin

Fig.2 Fig.3

Confiden Margin 0.364 0.266

Normal Margin 0.233 0.308


¯ 1 �‘�“ Confident Margin �›�;�M�h	Ô�ù�|�Ý����


:�w�‘�^�q�Ú�”�´�ï�w�����U
Y�`�X
¯�q�^�•�o�M�”�\

�q�U
ü�T�”�}

4. 3 Confident Margin �›�;�M�h SBS

�Š�æ���p�x�| backward ���ž�ç�°�æ�¶�Ü�w�°�m�p�K�”

SBS �›�Õ�”�µ�q�`�|
°�A��
:�q�`�o Confident Mar-

gin �›�;�M�h�›�Ã
¬�R�›���Š�b�”�} Confident Margin

�›
°�A�‹�q�b�”�\�q�p�|�Ú�”�´�ï�w�‹�›�7�G�t�b�”

�›�Ã�·�¿�Ä�|�b�s�˜�j�7�‘�w
ü�m�Ò���Ø�›�)�Q�”�›�Ã

�·�¿�Ä�›�{�Š�”�\�q�U�p�V�”�}���Š�b�”�›�Ã
¬�R�ž�ç

�°�æ�¶�Ü�›�Ž�< SBS-CM �q�z�•�\�q�t�`�| SBS-CM

�w�ž�ç�°�æ�¶�Ü�›
$ 4 �t�Ô�b�}

1.Initialize:

Subset of surviving features s = [1, 2, · · · , n]

2.repeat

for all surviving features

(a)do Train the SVM classifier with all the training

examples without ith feature.

(b)do compute CM(i)

/*CM(i) is the Confident Margin

without ith feature.*/

(c)Find the worst feature

worst=argmax
(
CM(i)

)
(d)Remove the feature that maximizes CM

[1,· · ·,worst-1,worst+1,· · ·,n]

3.until s is empty


$ 4 SBS-CM �ž�ç�°�æ�¶�Ü
Fig. 4 SBS-CM algorithm

SBS-CM �x�| i 
j�è�w�›�Ã�›�_	†�`�o SVM �p�¶

	6�`�h�™�| i 
j�è�w�›�Ã�›�_	†�`�h�q�V�w Confident

Margin �›�{�Š�”�}�f�`�o Confident Margin �w�‹�U

�7�G�t�s�l�h�q�V�w�›�Ã�›�›�Ã�Õ�«�Ä�ç�T�’�_	†�b�”�}

�\�•�›���“�&�b�\�q�t�‘�“�|�Ú�”�´�ï�›�7�G�q�b�”�›

�Ã�·�¿�Ä�›�{�Š�”�\�q�U�p�V�”�}

5. 
° �A �î �g

�Š�æ���p���Š�b�” SBS-CM �w
Q�ó�›
°�A�b�”�h�Š�|

�‡�c
��»�Ã�”�»�›�;�M�h�î�g�›�æ�O�\�q�p���Š	��O�U


Y�`�X�ˆ�^�b�”�\�q�›�¬�Ý�`�|�Í�t�î�Ã�”�»�›�;�M�h

�î�g�t�‘�“	H�R	��O�q�w
z�±�›�æ�O�}
z�±�0	°�q�`�o

�;�M�h�›�Ã
¬�R�ž�ç�°�æ�¶�Ü�x�|�Í�t�Ô�b SVM-RFE

�q�| SBS �ž�ç�°�æ�¶�Ü�p SVM �t�‘�”�Ý���p�›
°�A�‹

�q�`�h�å�¿�Í�”�Þ�Ã�ç�w�›�Ã
¬�R�p�K�”�}

5. 1 SVM-RFE

SVM �›�;�M�h�›�Ã
¬�R�w�°�m�q�`�o�| Guyon [5] �t

�‘�l�o���Š�^�•�h backward ���ž�ç�°�æ�¶�Ü�U�Õ�”�µ

�w SVM-RFE �ž�ç�°�æ�¶�Ü�U�K�”�} SVM-RFE �p�x

SVM �t�S�Z�”�¢�£� �Ä�Õ�«�Ä�ç�w�Ê�ç�Ü ‖w‖2 �›�;

�M�h�|�Í�t�Ô�b
°�A��
:�›�;�M�”�}∣∣‖w‖2−‖w(i)‖2
∣∣

=
1

2

∣∣∣∑
j,k

αjαkyjykK(xj ,xk)

−
∑
j,k

α
(i)
j α

(i)
k yjykK(i)(xj ,xk)

∣∣∣ (14)

�\�\�p K(i), α
(i)
j �x i 
j�è�w�›�Ã�›�_	†�`�h�q�V�w

�§�”�É�ç�Ú�Ä�æ�¿�«�µ�q�|�Ü (6) �p�-�‰�^�•�” α �p�K

�”�}�Š�æ���p�Ü (14) �p
¯�^�•�h
°�A�,	j�› SR �q�z

�•�\�q�t�b�”�}

SVM-RFE �x�¢�£� �Ä�Õ�«�Ä�ç�w�Ê�ç�Ü�›
°�A�,	j

�q� �̀o�;�M�o�M�”�h�Š�|�Ü (11) �p�Ô�b Normal Margin

�›
°�A�,	j�t�b�”�q�ß�Q�”�\�q�U�p�V�”�}

5. 2 
��»�Ã�”�»�›�;�M�h�î�g

�\�\�p�x�|
��»�Ã�”�»�›�;�M�h�î�g�›�æ�O�\�q�p

SBS-CM �w���®
Q�w�U	Â�›�æ�O�}
��»�Ã�”�»�q�`�o�|

�Í�t�Ô�b
c�“�w�°�7�Z
:�p�Ï
R�^�•�h�Ã�”�»�›�;�M

�h�} class1 �t���b�”�±�ï�Ó�ç�x�|�Í�i 1 �U 0�™0.2�|�Í

�i 2 �‹ 0�™0.2 �w
c�“�w�Z
: 50 �±�ï�Ó�ç�q�|�Í�i 1 �U

0.8�™1.0�|�Í�i 2 �‹ 0.8�™1.0 �w
c�“�w�Z
: 50 �±�ï�Ó

�ç�w�- 100 �±�ï�Ó�ç�p�K�”�} class2 �t���b�”�±�ï�Ó�ç

�x�|�Í�i 1 �U 0�™0.2�|�Í�i 2 �U 0.8�™1.0 �w
c�“�w�Z


: 50 �±�ï�Ó�ç�q�|�Í�i 1 �U 0.8�™1.0�|�Í�i 2 �U 0�™
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$ 5 CM �w�!�= (XOR �Ã�”�» )

Fig. 5 Variation of CM(XOR data)


$ 6 SR �w�!�= (XOR �Ã�”�» )

Fig. 6 Variation of SR(XOR data)

0.2 �w
c�“�w�Z
: 50 �±�ï�Ó�ç�w�- 100 �±�ï�Ó�ç�p�K

�”�}�\�•�’ 2 �Í�i�p�Ï
R�^�•�”�Ã�”�»�x XOR �ð�J�›


¯�`�o�M�”�}

�\�w�Ã�”�»�t�Ê� �¶�q�`�o�| 0�™1 �w�‹�›�Ë�m�°�7

�Z
:�p�Ï
R�^�•�h�›�Ã�› 98 �Í�i�å�C�`�h�}�b�s�˜�j

�Ã�”�»
: 200(�¤�«�å�µ 100 �±�ï�Ó�ç )�|�Í�i
: 100 �w

�Ã�”�»�p�K�”�}�s�S XOR �›�Ï
R�b�”���®�s�Í�i�x 1

�Í�i�è�q 2 �Í�i�è�p�K�”�}

�\�w�Ã�”�»�T�’ XOR �›�Ï
R�b�”���®�s 2 �Í�i�›	�

�“	Z�b�\�q�›�è
ª�q�b�”�›�Ã
¬�R�› SBS-CM �›�;�M�o

�æ�l�h�} SVM �w�¶	6�t�S�Z�”�Í�å�Ý�”�»�x�| σ = 1.0

�|C = 100 �q�`�h�}�î�g�A�L�›
$ 5 �t�Ô�b�}
$ 5 �x
°

�A�‹ CM �w�‹�w�!�=�›�Ô�`�o�S�“�|�#�à�x�Í�i
:�|	N

�à�x CM �w�‹�p�K�”�}

�î�g�A�L�x�Ê� �¶�T�’	q�t�_	†�^�•�o�M�V XOR �›

�Ï
R�b�”���®�s 1,2 �Í�i�è�U�7�™�‡�p�’�l�o�M�h�}�‡�h

���®�s 2 �Í�i�w�›�Ã�w�ˆ�w�Ì�t
°�A�‹�U�7�G�q�s�l�h�}

�°�M SVM-RFE �›�;�M�o�‰�7�w�î�g�›�æ�l�h�A�L

�›
$ 6 �t�Ô�b�}

SVM-RFE �›�;�M�h	Ô�ù�‹ SBS-CM �w	Ô�ù�q�‰�7

�t�|�Ê� �¶�T�’	q�t�_	†�^�•�o�M�V XOR �›�Ï
R�b�”

���®�s 1,2 �Í�i�è�U�7�™�‡�p�’�l�h�}�`�T�`���®�s 2

�Í�i�w�Ì�t
°�A�‹�U�7�G�t�x�s�’�s�T�l�h�}�\�w�‘�O

�t SVM-RFE �p�x�›�Ã�·�¿�Ä�w�‘�^�q
°�A�‹�w�G�V

�^�U�0� �`�s�M�\�q�U�K�”�}

�\�\�p�;�M�h�Ã�”�»�w�‘�O�t	O�A�s�›�Ã�U�7�Œ�w	Ô

�ù�x�|�_	†�^�•�h�›�Ã�›�_�”�\�q�p�|�›�Ã
¬�R�w�A�L

�w
³�`�q�`�›
Q���b�”�\�q�U�p�V�”�U�|�°
`�$�t�r�w

�›�Ã�U	O�A�T�U
ü�T�’�s�M�ð�J�w	Ô�ù�w�M�U���M�}�f

�w	Ô�ù�|
°�A�‹�w�G�V�^�p�f�w�›�Ã�·�¿�Ä�w�‘�^�›�x

�T�”�\�q�U�p�V�•�y�®�p�$�p�K�”�}�`�T�` SVM-RFE

�p�x�\�w�‘�O�s�\�q�U�p�V�s�M�\�q�U�Ã�Ý�æ�¿�Ä�p�K

�”�q�ß�Q�’�•�”�}


��»�Ã�”�»�›�;�M�h�î�g�t�‘�“�|�\�w�‘�O�s�o	m�s

�Ã�”�»�p�Ï
R�^�•�o�M�”�ð�J�t�m�M�o SBS-CM �x
Y

�`�X�ˆ�^�b�”�\�q�›�¬�Ý�p�V�h�}�Í�t�î�Ã�”�»�›�;�M

�h�î�g�›�æ�O�\�q�p�|
ó�v�s�ð�J�t�0�b�” SBS-CM

�w���®
Q�t�m�M�o�U	Â�b�”�}

5. 3 �î�Ã�”�»�›�;�M�h�î�g

�î �Ã�” �»�› �; �M�h�î �g�q�` �o�| UCI �Ã�” �»�Õ�”

�µ [12] �w sonar �Ã�”�»�q�| ionosphere �Ã�”�»�›�;�M�h�}

sonar �Ã�”�»�x�±�ï�Ó�ç
: 208(class1:97,class2:111)

�Í �i 
: 60 �p �| ionosphere �Ã �” �» �x �± �ï �Ó �ç 
:

351(class1:225,class2:126) �Í�i
: 33 �p�K�”�}�h�i�`

�¦�æ�´�Æ�ç�w ionosphere �Ã�”�»�x 34 �Í�i�p�K�”�U

2 �Í�i�è�w
¶�o�w�‹�U 0 �p�K�l�h�h�Š�|�f�w�Í�i�›

�_	†�`
¶�.�› 33 �Í�i�q�`�h�}�\�•�’�w�Ã�”�»�t�m

�M�o SBS-CM �t�‘�“�›�Ã
¬�R�›�æ�O�\�q�p�|�r�w��

�S�Í�Ñ�¥�”�Ú�ï�µ�U�²	Í�b�”�T�›�Ð�‚�”�\�q�t�‘�“

SBS-CM �w���®
Q�›�U	Â�b�”�}

�î�g�M�O�x SBS-CM �p�›�Ã
¬�R�›�æ�M�|�›�Ã�U 1

�x�_	†�^�•�”�]�q�t SVM �t�‘�”�Ý���›�æ�O�}�M�c�•

�w�Ã�”�»�t�m�M�o�‹�±�ï�Ó�ç
:�U	F
ü�p�s�M�h�Š�¶	6

�Ã�”�»�q�Â�µ�Ä�Ã�”�»�›
ü�Z�”�\�q�x���É�p�K�”�}�'


‹�î�g�q�`�o
¶�Ã�”�»�›�¶	6�Ã�”�»�q�`�o�;�M�h�q�\

�–�|�›�Ã
¬�R�›�æ�˜�s�M	Ý�6�p�Ý�Ý�p�U�„�… 100%�q

�s�l�o�`�‡�M�|�›�Ã
¬�R�t�‘�”�Ý�Ý�p�w�²	Í�›�¬�Ý�b

�”�\�q�U�p�V�s�T�l�h�}�\�•�x�¶	6�Ã�”�»�t�0�`�o�Ý

���;�•�U�a�¶	6�w	Ý�6�t�s�l�o�M�”�h�Š�p�K�“�|�î�g

	��O�q�`�o�x
Æ�&�p�p�K�”�}�\�w�‘�O�t�±�ï�Ó�ç
:�U

	F
ü�p�s�M�h�Š�t�¶	6�Ã�”�»�t�0�`�o�a�¶	6�U�I�”	Ý

�¯�x�Í�»�”�ï�Ý���]�J�t�S�M�o�°
`�$�t�ˆ�’�•�”�}�f

�\�p�Š�æ���p�x 1 �±�ï�Ó�ç�›�Â�µ�Ä�Ã�”�»�|�’�“�w�±

�ï�Ó�ç�›�¶	6�Ã�”�»�q�`�o�Â�µ�Ä�Ã�”�»�w�Ý���›�æ�O
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�æ���—Confident Margin �›�;�M�h SVM �w�h�Š�w�›�Ã
¬�R	��O


$ 7 CM �q RR �w�!�= (sonar �Ã�”�» )

Fig. 7 Variation of CM and RR(sonar data)


$ 8 SR �q RR �w�!�= (sonar �Ã�”�» )

Fig. 8 Variation of SR and RR(sonar data)

Leave One Out �O�›�;�M�h�}�\�•�›
¶�o�w�±�ï�Ó�ç�U

�Â�µ�Ä�Ã�”�»�t�s�”�‘�O�t���“�&�b�\�q�p�Ý���p�›�{

�Š�h�}�¶	6�Ã�”�»
:�U	F
ü�t���M	Ô�ù�t�x�|�¶	6�Ã�”

�»�t�0�b�” SVM �w�Ý�Ý�p�t�‘�“�›�Ã
¬�R�w�¦
ª�›�˜

�’�•�”�D�ó
Q�‹�K�“�|�\�w	Ô�ù�t�S�Z�” SBS-CM 	�

�O�w�U	Â�t�m�M�o�x���™�w�U�|�]�J�q�`�h�M�}

sonar �Ã �” �» �› �; �M�o �|�Í �å �Ý �” �» �› σ = 1.8

�| C = 10 �q�`�h�q�V�w SBS-CM �w�î�g�A�L�›
$ 7

�t�Ô�b�}
$ 7 �w�#�à�x�Í�i
:�|	N�à�w�(�U Confident

Margin(CM)�|�È�U Recognition Rate(RR) �p�K�”�}

�‡�h SVM-RFE �t�‘�”�î�g�A�L�›
$ 8 �t�Ô�b�}

SBS-CM �t�‘�”�›�Ã
¬�R�w�A�L�|
°�A�‹ CM �w�‹

�U�7�G�q�s�l�h�w�x 15 �x�w�›�Ã�w�Ì�p�K�“�|�f�w�q

�V�w�Ý���p�x 92% �p�K�l�h�}�‡�h�Ý���p�w�ˆ�t�«�è

�`�h�q�V�|�Ý���p�w�Ð�”�«�x 13 �x�w�›�Ã�w�Ì�t 93%

�p�K�l�h�}
$ 7 �T�’
ü�T�”�‘�O�t�| CM �w�‹�q RR �w

�‹�U�„�…�å	H�b�”�‘�O�t�!�=�`�o�M�”�}�f�w�h�Š
°�A

�‹�w�Ð�”�«�q�Ý���p�w�Ð�”�«�U
‡	×�t�Ù
€�b�”�q�M�O

�A�L�p�K�l�h�}�b�s�˜�j SBS-CM �›�›�Ã
¬�R�t�;�M

�h	Ô�ù�|
°�A�‹�w�ˆ�T�’�7�&�s�›�Ã�·�¿�Ä�›�S�S�‘�f


$ 9 SBS-SVM �p�w RR �w�!�= (sonar �Ã�”�» )

Fig. 9 Variation of RR using SBS-SVM(sonar data)

�{�Š�”�\�q�U�D�ó�p�K�”�}

�°�M�| SVM-RFE �›�;�M�h�›�Ã
¬�R�w�A�L�|
°�A�‹

SR �w�Ð�”�«�x 3 �x�w�›�Ã�w�Ì�p�|�f�w�q�V�w�Ý���p�x

74% �p�K�l�h�}�‡�h�Ý���p�w�Ð�”�«�x 17 �x�w�›�Ã�w

�Ì�t 87% �p�K�l�h�}
$ 8 �p�Ô�`�h�‘�O�t SVM-RFE

�p�w
°�A�‹ SR �q RR �w�����x�| SBS-CM �t�S�Z�”

CM �q RR �w�‘�O�s����
Q�U�K�”�q�t�O�\�q�x�p�V�s

�M�}�`�h�U�l�o
°�A�‹�w�ˆ�T�’�7�&�s�›�Ã�·�¿�Ä�›�{

�Š�”�\�q�x���É�p�K�”�}�‡�h�Ý���p�w�Ð�”�«�U 87%

�p�K�“�| SBS-CM �t�S�Z�”�Ý���p�w�Ð�”�«�U 93% �p

�K�l�h�\�q�‘�“�| SVM-RFE �x SBS-CM �t
z�‚�o�‘

�M�›�Ã
¬�R�U�p�V�s�T�l�h�q�t�Q�”�}

�‡�h SVM �t�‘�”�Ý���p�›
°�A�‹�q�b�” SBS �›�;

�M�h�›�Ã
¬�R�¢�Ž�< SBS-SVM �q�z�•�£�w�A�L�›
$ 9

�t�Ô�b�}

�f�w�A�L 32,33 �x�w�›�Ã�p 95% �w�Ý���p�p�K�l�h�}

�\�\�p
¯ 2 �t�|�f�•�g�•�w�›�Ã
¬�R�t�S�Z�”
°�A�‹�U

�7�G�q�s�l�h�Ì�w�Ý���p�q�7�‘�w�Ý���p�q�f�w�q�V�w

�Í�i
:�›�‡�q�Š�”�}


¯ 2 �¤�›�Ã
¬�R�t�S�Z�”
°�A�‹�7�G�w�Ì�w�Ý���p�q�7�‘
�w�Ý���p�q�f�w�q�V�w�Í�i
: (sonar �Ã�”�» )

Table 2 Recognition rate and the number of features

at the peak of criterion score and its maxi-

mum of each method(sonar data)

Feature Max. criterion value’s RR Best RR

Selection #DIM RR[%] #DIM RR[%]

SBS-CM 15 92 13 93

SVM-RFE 3 74 17 87

SBS-SVM - 32,33 95

�Ý���p�w�ˆ�t�«�è�b�•�y SBS-SVM �U�7�‹�‘�M�A�L

�›�)�Q�”�U�|�\�w�ž�ç�°�æ�¶�Ü�x�_	†�b�”�›�Ã�›�>��

�b�”�h�Š�t Leave One Out �t�‘�” SVM �p�w�¶	6�q
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�?� 	Ø�C�è	ô�¶�q�æ���½ xxxx/xx Vol. Jxx–D–II No. xx

�Ý�Ý�›�æ�˜�s�Z�•�y�s�’�s�M�å�¿�Í�”�Þ�Ã�ç�p�K�”�h

�Š�|
2�G�s�-�‰�¯�µ�Ä�U�T�T�“�î�;�$�p�x�s�M�}�°�M

�Ñ�Ÿ�ç�»�”���w SBS-CM �x SVM �w�¶	6�w�ˆ�p�_	†

�b�”�›�Ã�›�>���p�V�”�w�p�-�‰�¯�µ�Ä�x	—�s�M�}�‡�h

�‰�a�Ñ�Ÿ�ç�»�”���w SVM-RFE �q
z�±�`�o�‹�|�‘�“

�‘�M�›�Ã�·�¿�Ä�›�_�m�Z�”�\�q�U�p�V�h�h�Š�Ý���p�w

�Ð�”�«�‹�ô�X�|
°�A�‹�w�ˆ�T�’�S�S�‘�f�›�Ã�·�¿�Ä�w

�‘�^�›
Q�…�p�V�”�\�q�‹�b�:�p�K�”�}

�î�M�w�-�‰�¯�µ�Ä�w�«�›�Ô�b�} Xeon 2.6GHz �Ý�Þ�æ

1GByte �w�-�‰�;�›�;�M�o���‰�›�æ�l�h�A�L�| sonar

�Ã�”�»�›�;�M�o�›�Ã
¬�R�›�æ�l�h	Ô�ù�| SBS-CM �›�;

�M�h	Ô�ù�t�ÿ 10 
ü�| SVM-RFE �p�x�ÿ 60 
ü�p�›�Ã
¬

�R�U	4�ƒ�b�”�w�t�0�`�| SBS-SVM �p�x�ÿ 20 �Ì���U


ž�A�p�p�K�l�h�}�\�w�\�q�T�’�‹ SBS-CM,SBS-RFE

�t�0�b�” SBS-SVM �w�-�‰�¯�µ�Ä�w�G�V�^�U�¬�Ý�p

�V�”�}

CM �q Confidence �w�����›�Ð�‚�”�h�Š�|
$ 10 �t

SBS-CM �w�î�g�A�L (
$ 7) �t Confidence c �S�‘�|

Normal Margin (NM) �w�!�=�›�å�C�`�h�¬�å�Ñ�›�Ô

�b�}�\�w
$�‘�“�|�Í�i
:�U	—�s�X�s�l�h	Ô�ù�t�| NM

�U�x�9�t�!�ˆ�`�o�S�“�|�\�•�q
ì
S�b�”�²�V�t c �w�‹

�U�!�=�`�o�M�”�7� �U�¬�Ý�p�V�”�}�\�•�x 4. 1 �p	\�‚

�h NM �t�S�Z�” b-SV �w�ð�J�U�Í�i
:�U	—�s�X�s�l

�h�h�Š�t�f�¶�t�q�•�|�\�•�›�4
Y�b�”�‘�O�t c �w�‹�U

�!�=�`�o�M�”�q�ß�Q�”�\�q�U�p�V�”�}�‡�h�|�4
Y�™�w

�Ú�”�´�ï CM �w�‹�w�!�=�x Recognition Rate (RR)

�w�!�=�t�‘�X�å	H�`�o�S�“�|���Š�`�h Confidence �›

�;�M�o MN �›�4
Y�b�”�\�q�p�®�L�$�s�›�Ã
¬�R�w�¦
ª

�›�˜�”�\�q�U�p�V�h�q�M�Q�”�}

�Š�æ���p�x�›�Ã
¬�R�t�S�Z�”
°�A�,	j�q�`�o CM

�›���Š�`�h�U�| Confidence c �›
°�A�,	j�q�`�o�–�;

�b�”�\�q�‹�ß�Q�’�•�”�}�f�\�p�|�¬�Ý�w�h�Š
$ 11 �t

Confidence �›
°�A�,	j�q�`�h�q�V�w�›�Ã
¬�R�t�0�b

�” Confidence �w�!�=�q RR �w�!�=�›�Ô�`�h�}�\�w�A

�L�‘�“�| Confidence �w�!�=�w�Ð�”�«�x RR �t�å	H�`

�o�S�’�c�| CM �›
°�A�,	j�q�`�o�;�M�”�\�q�w���®
Q

�U�¬�Ý�p�V�h�}

�Í �t ionosphere �Ã�” �»�› �; �M�o�|�Í �å�Ý�” �»�›

σ = 5.0�|C = 10 �q�`�h�q�V�w SBS-CM �w�î�g�A�L�›


$ 12 �t�| SVM-RFE �t�‘�”�î�g�A�L�›
$ 13 �t�Ô�b�}

SBS-CM �t�‘�”�›�Ã
¬�R�w�A�L�|
°�A�‹ CM �w�Ð�”

�«�x 15 �x�w�›�Ã�w�Ì�p�|�f�w�q�V�w�Ý���p�x 93% �p

�K�l�h�}�‡�h�\�w�ð�J�t�S�M�o CM �w�Ð�”�«�q RR �w

�Ð�”�«�U�°�•�`�h�}


$ 10 CM,NM,Confidence �s�’�|�t RR �w�!�= (sonar

�Ã�”�» )

Fig. 10 Variation of SR criterion, RR, NM and Con-

fidence(sonar data)


$ 11 Confidence �›
°�A�,	j�q�`�h	Ô�ù�w Confidence

�q RR �w�!�= (sonar �Ã�”�» )

Fig. 11 Variation of Confidence and RR evaluated by

Confidence (sonar data)


$ 12 CM �q RR �w�!�= (ionosphere �Ã�”�» )

Fig. 12 Variation of CM and RR(ionosphere data)

SVM-RFE �›�;�M�h	Ô�ù�|
°�A�‹ SR �w�Ð�”�«�x 3

�x�w�›�Ã�w�Ì�p�|�f�w�q�V�w�Ý���p�x 72% �p�K�l�h�}

�‡�h�Ý���p�w�Ð�”�«�x 14 �x�w�›�Ã�p 90% �p�K�l�h�}


$ 13 �t�Ô�`�h�‘�O�t�\�w�ð�J�t�S�M�o�‹ sonar �Ã�”

�»�w�Ì�q�‰�7�t�| SR �q RR �w����
Q�x
¶�X�s�T�l�h�}

�‡�h SBS-SVM �t�‘�”�A�L�›
$ 14 �t�Ô�b�}
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�æ���—Confident Margin �›�;�M�h SVM �w�h�Š�w�›�Ã
¬�R	��O


$ 13 SR �q RR �w�!�= (ionosphere �Ã�”�» )

Fig. 13 Variation of SR criterion and RR(ionosphere

data)


$ 14 SBS-SVM �p�w RR �w�!�= (ionosphere �Ã�”�» )

Fig. 14 Variation of RR using SBS-SVM(ionosphere

data)

�f�w�A�L 23,24 �x�w�›�Ã�p 92% �w�Ý���p�p�K�l�h�}


¯ 3 �t�¤�›�Ã
¬�R�t�S�Z�”
°�A�‹�U�7�G�q�s�l�h�Ì�w

�Ý���p�q�7�‘�w�Ý���p�q�f�w�q�V�w�Í�i
:�›�‡�q�Š�”�}


¯ 3 �¤�›�Ã
¬�R�t�S�Z�”
°�A�‹�7�G�w�Ì�w�Ý���p�q�7�‘
�w�Ý���p�q�f�w�q�V�w�Í�i
: (ionosphere �Ã�”�» )

Table 3 Recognition rate and the number of features

at the peak of criterion score and its maxi-

mum of each method(ionosphere data)

Feature Max. criterion value’s RR Best RR

Selection #DIM RR[%] #DIM RR[%]

SBS-CM 15 93 15 93

SVM-RFE 3 72 14 90

SBS-SVM - 23,24 92

ionosphere �Ã�” �» �› �; �M�h	Ô�ù�‹ �| SBS-CM �x

SVM-RFE �q
z�±�`�o�‘�“�‘�M�›�Ã�·�¿�Ä�›�_�m�Z�”

�\�q�U�p�V�|
°�A�‹�w�ˆ�T�’�›�Ã�·�¿�Ä�w�‘�^�›
Q�…

�b�”�\�q�U�p�V�h�}�‡�h�å�¿�Í�”���w SBS-SVM �q�‰

�s�w�Ý���p�›�˜�”�\�q�U�p�V�h�}

�Ž	Í�w�î�g�‘�“�| sonar �Ã�”�» ionosphere �Ã�”�»�w

�M�c�•�›�;�M�h	Ô�ù�t�S�M�o�‹ SBS-CM �t�S�Z�”
°

�A�‹ CM �q�Ý���p RR �w�å	H
Q�›�¬�Ý�b�”�\�q�U�p

�V�h�}�b�s�˜�j
°�A�‹�w�ˆ�p�›�Ã�·�¿�Ä�w�‘�^�›�S�S

�‘�f
Q�…�b�”�\�q�U�D�ó�p�K�”�}�°�M�p SVM-RFE

�p�x
°�A�‹ SR �q RR �w����
Q�x
¶�X�s�X�|
°�A�‹

�w�Ð�”�«�T�’�7�&�s�›�Ã�·�¿�Ä�›�{�Š�”�\�q�x���É

�p�K�”�\�q�U�˜�T�l�h�}�‡�h�Ý���p�w�ˆ�t�«�è�`�h	Ô

�ù�| SBS-CM �x SVM-RFE �‘�“�‹�ô�M�Ý���p�›�)�Q

�”�›�Ã�›
¬�R�b�”�\�q�U�p�V�h�}�^�’�t�å�¿�Í�”���w

SBS-SVM �q�„�…�‰���S�w�Ý���p�›�)�Q�”�›�Ã�·�¿�Ä

�›�_�m�Z�”�\�q�U�p�V�h�q�t�Q�”�}

6. �‡ �q �Š

�Š�æ���p�x Confident Margin �q�M�O	ý�`�M
°�A�‹

�›���[�`�|�f�•�›�;�M�h�›�Ã
¬�R SBS-CM �›���Š�`

�h�} Confidet Margin �›
°�A�‹�q�b�”�\�q�p�| SVM-

RFE �w�‘�O�s Normal Margin �›�Õ�”�µ�q�b�”�›�Ã


¬�R�‘�“�‹
°�A�‹�q�Ý����
:�w�‘�^�U
Y�`�X�0� �b�”

�h�Š�|�‘�“�‘�M�›�Ã
¬�R�U�æ�Q�”�\�q�›�Ô�`�h�}�‡�h

SVM-RFE �w	Ô�ù�|
°�A�‹ SR �w�G�V�^�q�Ý���p�w

�0� �U
¶�X�s�X
°�A�‹�w�ˆ�T�’�‘�M�›�Ã�·�¿�Ä�›�_�m

�Z�”�\�q�x���É�p�K�l�h�}�°�M SBS-CM �x�|
°�A�‹

CM �w�G�V�^�q�Ý���p�w�����U�§�M�h�Š
°�A�‹�w�ˆ�T

�’�‘�M�›�Ã�·�¿�Ä�›
Q���b�”�\�q�U�S�S�‘�f�D�ó�p�K

�”�}�^�’�t SBS-SVM �w�‘�O�s�å�¿�Í�”�Þ�Ã�ç�p�x�-

�‰�¯�µ�Ä�U�G�V�X�s�”�U�| SBS-CM �w�-�‰�¯�µ�Ä�x	–

�^�X�G�F�Û�ð�J�t�0�`�o�‹� �;�p�V�”�}

���s�w�î�g�t�S�M�o�x�›�Ã
¬�R�›�æ�O�M�w SVM �w
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Abstract The aim of this study is to develop a feature subset selection method based on the concept

of margin in SVM. The problem of this approach is that the margin of SVM does not always provide clear

relationship between its value and the SVM’s performance. The subset obtained by the selection algorithm

does not correspond to the best performance subset. In this paper, we describe a new solution by intro-

ducing Confident Margin as the feature selection criterion. The experimental results show the possibility

to achieve a result closer to the best recognition rate by monitoring the peak of CM curve.

Key words SVM, Margin, Feature Selection, SBS, Confident Margin


