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Á� êâa.Ú©Ù�E,z����m'X�Ø(½5Or,ék��÷êâ�d3aq(�

�5]Ô. �d, �©òàa8¤¥���­½5Vg*Ð�àa©Û¥±ü$��'X�Ø(½

�5éêâàa�K�. �©lnØþ©Û��­½�Ün5, ¿JÑÄu&E����­½5Ý

þ�{. d	, �©JÑ��Äu��­½5�àa�{, T�{kòêâ©�­½��8ÚØ­

½��8, ,��÷­½���ìq(�, ¿òØ­½��y©�Tìq(�¥. ��, �©ÏL�

�<EêâÚã�©�|µ�Àzw«��­½5�Ün5, ¿3ÄOêâ8þ�y�©¤Jàa

�{�k�5.

'�c ÅìÆS, ÃiÒÆS, àa©Û, ��­½5, ­½5nØ

1 Úó

�Xêâæ8!�;!DÑ�ªõ�z!�3zuÐ, �aêâ�U©Û|µ¡��þÃIP

êâ. ÅìÆS¥, éùaêâ�ÆS¡�ÃiÒÆS. ã(ø¼�öGeoffrey Hinton, Yann LeCun,

ÚYoshua Bengio3NatureÏrþÜ�uL�©Ù5Deep Learning6¥�Ñ:”��w, ·�ýOÃiÒ

ÆSòC��\­�.”[1] àa©Û[2]´ÃiÒÆS¥�­�ïÄSN, Ù8�3uÆSêâ¥d3�

ìq(�, =�q���y©3Ó�aq¥. 8c, àa©Û®²2�A^u¢Sêâ©Û?Ö¥, X

8Iu¢[3]!g,�ó?n[4]!)Ô&EÆ[5]�. d	, êâàa���­�ý?nüÑA^3éõê

â©ÛEâ¥, XA�ÀJ[6]!�ÝÆS[7]�.

y�ã, Äuêâa.!êâ©Ùb�!A^|µ�, ïÄö®²JÑ�þàa�{, Ï~�oÑ

8a��.àa, �Ýàa, �gàa. du"yiÒ&E, ��m'X�Ýþ3àa�{¥å­��

^, 'X�.àaò���:���q½�C��L:y©�Óa; �Ýàa¥���ÝÏ~d�q

½�C���ê�O;�gàaKÅ�Ü¿��q�aq. d	,éõàa�{K��Äu���'X

Ý
, XÌàa�{(spectral clustering)!Frey�<3ScienceÏrþJÑ���DÂàa�{(Affinity

Ú^�ª: o�ô, a�u, �qx, �. Äu��­½5�àa�{. ¥I�Æ: &E�Æ, 3"©Ù

Li F J, Qian Y H, Wang J T, et al. Clustering method based on sample’s stability (in Chinese). Sci Sin Inform, for
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Propagation (AP))[8]!Rodriguez�<3ScienceÏrþJÑ��Ý¸�àa�{(DP)[9]!Otto�<JÑ

�?n�5�<òêâ�àa�{[10]�. �êâ��, êâa.¥yõ�z, XÎÒ.êâ!ã�ê

â!©�êâ!ÄÏêâ±9õ«êâa.�·Ü�[5, 11∼14];êâ©Ù¥yE,z,X6.êâ!·Ü

©Ùêâ!Ø²ïêâ!õÀãêâ�[15∼19]. ù
êâA:����m'Xäk�r�Ø(½5, é

k��÷êâd3ìq(��5]Ô.

©z [20]3àa8¤|µeïÄ
��'X�Ø(½5, JÑ
��­½5�Vg5uyäk­

½'X���8, ü$
��'XØ(½5éàa�K�, ¿ïá
Äu��­½5�àa8¤�{,

¢�w«Ù8¤5U`uDÚàa8¤�{. ©z [20]�ïÄ�Aé��m'X�Ø(½5Jø
#

g´, �ÙïÄ�µ=3àa8¤¯K¥. àa8¤Eâ[21, 22]ÏLKÜõ�É��àa(J, ´Jp

ü�àa�{5U�­�å», Cc5É�2�'5. ��þ, àa8¤´lõ�y©��Ý�O�

���yVÇ, Qü����ªÑy3Ó�a�VÇ. 
T�yVÇ��Äu�©êâA����O,

Ïd, ò��­½5Vg*Ð�àa©Û¥´�1�. Äuþã?Ø, �©Ì�ïÄàa©Û¥��

�­½5, ¿JÑ�Aàa�{.

©��zÌ�Ny3±en�¡:

(1) òàa8¤¥���­½5*Ð�àa©Û¥, ¿�ÑnØþ�Ün5©Û;

(2) JÑÄu&E����­½5Ýþ¼ê, ¿ÏL�Àz¢��yÙÜn5;

(3) JÑ�«Äu��­½5�àa�{. ¿3ÄOêâ8þ�y
Ùk�5.

�©312!�Ñ��­½5½ÂÚÜn5nØ©Û, ¿JÑÄu&E����­½5Ýþ¼ê.

313!0�¤Äu��­½5àa�{��{6§. 314!l¢�þ�yÄu&E���­½5Ý

þ�Ün5ÚÄu��­½5àa�{�k�5. ��o(�©.

2 àa©Û¥���­½5

©z [20]ïÄ
àa8¤¥���­½5. Äu�|àa(J, ´�ü���y©3Ó�a�ª

Ç. TªÇ�O
ü����yVÇ. �ü���yVÇ�1�, �(½ùü����ª3Ó�a; Ó

n�(½�yVÇ�0�ü����ª3ØÓa. ��¥m��yVÇé�äü��y©�5(J.ü

����m�­½'XA�¹ü��¡: (1)ü���äk�p�(½53Ó�a, =ü��äk�p

��yVÇ�; (2)ü���äk�p�(½5Ø3Ó�a, =ü��äk�$��yVÇ�. ��^

�yVÇ��L«'X�­½5ØU�A1��¡. �d, ©z [20]JÑ(½5¼ê�Vg5µd�

�'X�(½Ý, ¿ò�����Ù§���yVÇ�²þ(½Ý½Â�T���­½5.��­½

5�^uuyäk­½'X���f8, Ýþ��é�÷aq(���zÝ, kÏuêâàa¯K�

k�)û.

��m�yVÇ��Äuêâ��©A��O, XØ�qÝ!�Ó���. Ïd©z [20]¥��

�­½5�*Ð�àa©Û¥. �!0���­½5�Ä�½Â, lnØþ©ÛÙÜn5, ¿JÑÄ

u&E����­½5Ýþ¼ê.

2.1 Ä�½Â

b�ü����yVÇ�p, µdùü���'X(½Ý�(½5¼ê½Â�:

½Â1 ((½5¼ê [20])éuCþp ∈ [0, 1]Ú~þt ∈ (0, 1),¼êf´��(½5¼êXJf÷v

^�:

2
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(1) XJp < t, Kf ′(p) < 0; XJp > t, Kf ′(p) > 0;

(2) XJpb < t < pd,
t−pb
pd−t = t

1−t , Kf(pb) = f(pd).

Ù¥t���m'X�Ø(½���yVÇ�,T��Äu�yÝ
P = {pij |1 6 i 6 n, 1 6 j 6 n}
¼�. ^�(1)L«(½5¼ê3t ?����, �lt ������. ^�(1)¿�X�yVÇ��å

lt ��, (½5§Ý�p. ^�(2)L«(½5¼ê3t üý¤'~é¡, �Ò´� ut üýê�pb

Úpd (pb < t < pd) åt �ål'�
t−pb
pd−t �

t
1−t�, pb Úpd ���Ó�¼ê�.

Äu�½�(½5¼êf , éuêâ8X = {x1,x2, . . . ,xn}, ��xi�­½5½Â�T���Ù
§���yVÇ��²þ(½Ý:

s(xi) =
1

n

n∑
j=1

f(pij), (1)

Ù¥n�êâ8¥��ê, pij ∈ P , P = {pij |1 6 i 6 n, 1 6 j 6 n}.

2.2 ��­½5Ün5nØ©Û

�!, 3pd©Ùb�e©Û��­½5�Ün5. Äkb�ü�Ñlpd©Ùaqc1Úc2. ,

�O���áu�a�VÇ±9üü����yVÇ,ÏL�yVÇÚ�� ��'X©Û��­½

5���ª³. ��Äu(½5¼êfgO����­½5sg, ¿ÏLýÏª³Úsg��ª³�'X5

©ÛÙÜn5.

b�c1Úc2L«ü�Ñlpd©Ù�aq, ��x = {d1, d2, . . . , dD}>�VÇ�Ý�:

p(x|y = c1) = N (x;µ,Σ) =
1

(2π)
D
2

1

|Σ| 12
e−

1
2 (x−µ)>Σ−1(x−µ);

p(x|y = c2) = N (x;−µ,Σ) =
1

(2π)
D
2

1

|Σ| 12
e−

1
2 (x+µ)>Σ−1(x+µ),

Ù¥µ�þ��þ, Σ����Ý
, D�êâ�Ý.

�½��x, ��a8áVÇp(y = c1|x)�d��dúª¦�:

p(y = c1|x) =
p(x, y = c1)

p(x)

=
p(y = c1)p(x|y = c1)∑

y=c1,c2
p(y)p(x|y)

=
N (µ,Σ)

N (µ,Σ) +N (−µ,Σ)

=
1

1 + e−2µ>Σ−1x
.

Ón, ��a8áVÇp(y = c2|x)�:

p(y = c2|x) =
1

1 + e2µ>Σ−1x
.

3
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ã 1 µ = 3 and σ = 3��¼êã�«~

Figure 1 An example with µ = 3 and σ = 3

�D = 1�, ��a8áVÇ�Ly/ª�sigmoid¼ê/ª��, ¼ê­��”S”.. ã1�Ñµ =

3, σ = 3��¼êã�«~.

Äuþãb�, ��xiÚxjÑy3Ó�aq¥�VÇ�:

pij = p(yi = c1|xi)p(yj = c1|xj) + p(yi = c2|xi)p(yj = c2|xj)

=
1

1 + e−2µ>Σ−1xi
× 1

1 + e−2µ>Σ−1xj
+

1

1 + e2µ>Σ−1xi
× 1

1 + e2µ>Σ−1xj

=
1 + eaxi+axj

1 + eaxi + eaxj + eaxi+axj
, (2)

Ù¥a = 2µ>Σ−1. �Bå�, �Y©Ù¥þ^aL«2µ>Σ−1.

5�1 XJax > 0, Kp(y = c1|x) > p(y = c2|x); XJax < 0, Kp(y = c1|x) < p(y = c2|x);X

Jax = 0, Kp(y = c1|x) = p(y = c2|x) = 1
2 .

y²

ax > 0⇒ e−ax < eax ⇒ p(y = c1|x) > p(y = c2|x);

ax < 0⇒ e−ax > eax ⇒ p(y = c1|x) < p(y = c2|x);

ax = 0⇒ e−ax = eax = 1⇒ p(y = c1|x) = p(y = c2|x) =
1

2
.

nþ, 5�1¤á. 2

¯¢þ, ax���x�aqc2Úaqc1�ê¼ål�²��. 5�1L², �ax > 0�, xåla

qc1�C. ���ax < 0�, xålaqc2�C.

úª(2)¤«����yVÇkXe5�.

5�2 XJ(axi)(axj) < 0, Kpij <
1
2 ; XJ(axi)(axj) = 0, Kpij = 1

2 ; XJ(axi)(axj) > 0,

Kpij >
1
2 .

y² dúª(2)��:

pij −
1

2
=

1 + eaxi+axj

1 + eaxi + eaxj + eaxi+axj
− 1

2
=

(1− eaxi)(1− eaxj )

1 + eaxi + eaxj + eaxi+axj
× 1

2
.

4
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�(axi)(axj) 6= 0�, �â(1 − eax)(ax) < 0, k(1 − eaxi)(1 − eaxj ) × (axi)(axj) > 0. =þãú

ª©f(1− axi)(1− axj)Ú(axi)(axj)ÓÒ. ?
, �(axi)(axj) < 0�, pij <
1
2 ; �(axi)(axj) > 0�,

pij >
1
2 .

�(axi)(axj) = 0�, k(1− eaxi)(1− eaxj ) = 0, Kpij = 1
2 .

nþ, 5�2¤á. 2

5�2L²,�ü��lÓ�aqC�,�yVÇpij >
1
2 ;�ü��lØÓaqC�,�yVÇpij <

1
2 .

5�3 éu?¿axk 6= 0, kaxi = −axj��=�pik + pjk = 1.

y² �âúª(2)��:

pik =
eaxi

1 + eaxi
× eaxk

1 + eaxk
+

1

1 + eaxi
× 1

1 + eaxk
;

pjk =
eaxj

1 + eaxj
× eaxk

1 + eaxk
+

1

1 + eaxj
× 1

1 + eaxk
.

K:

pik + pjk = 1

⇔2 + eaxi + eaxj + eaxi+axk + eaxj+axk + 2eaxi+axj+axk

(1 + eaxi) (1 + eaxj ) (1 + eaxk)
= 1

⇔eaxi+axj = 1

⇔axi = −axj .

nþ, 5�3¤á. 2

5�3L²XJü����ü�aq�ål�p���ê,@oùü����?¿�0����y

VÇ�Ú�1. 5�3¿�X�ü�aqål��ýé��Ó���Aäk�Ó�­½5��.

5�4 éuaxk 6= 0, k|axi| < |axj |��=�|pik − 1
2 | < |pjk −

1
2 |.

y² Äk?Ø(axi)(axj) > 0��¹. d�, axi, axjÚaxk���'X�©�±eo«�¹?

Ø:

(1) axi > 0, axj > 0, axk > 0. �â5�2, k:

|pik −
1

2
| < |pjk −

1

2
|

⇔pik − pjk < 0

⇔ (1− eaxk) (eaxj − eaxi)

(1 + eaxi) (1 + eaxj ) (1 + eaxk)
< 0

⇔eaxj − eaxi > 0.

Ï�axi > 0, axj > 0, Keaxj − eaxi > 0⇔ |axi| < |axj |.
(2) axi > 0, axj > 0. axk < 0. �â5�2, k:

|pik −
1

2
| < |pjk −

1

2
| ⇔ pjk − pik < 0⇔ eaxi − eaxj < 0.

Ï�axi > 0, axj > 0, Keaxi − eaxj < 0⇔ |axi| < |axj |.

5
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(3) axi < 0, axj < 0, axk > 0. �â5�2, k:

|pik −
1

2
| < |pjk −

1

2
| ⇔ pjk − pik < 0⇔ eaxi − eaxj > 0.

Ï�axi < 0, axj < 0, Keaxi − eaxj > 0⇔ |axi| < |axj |.
(4) axi < 0, axj < 0, axk < 0. �â5�2, k:

|pik −
1

2
| < |pjk −

1

2
| ⇔ pik − pjk < 0⇔ eaxj − eaxi < 0.

Ï�axi < 0, axj < 0, Keaxj − eaxi < 0⇔ |axi| < |axj |.

�e5?Ø(axi)(axj) < 0��/. -axi′ = −(axi), �â5�3, k|pik − 1
2 | = |pi′k − 1

2 |. d
u|axi′ | = |axi|, �duy²|axi′ | < |axj | ⇔ |pi′k − 1

2 | 6 |pjk −
1
2 |. du(axi′)(axj) > 0, KTÜ©y

²�1�«�¹�Ó.

nþ, 5�4¤á. 2

5�4L²,XJ���ü�aq�ål��ýé���,KT���Ù§ax 6= 0���Ñy3Ó

a�VÇ��C 1
2 . 5�4¿�X�ü�aq�ål��ýé������:Aäk�p�­½5�

�.

�e5, ©Û��­½5�Ün5. b�3pd©Ùe�(½5¼ê�fg, K3Ñlpd©Ù�

þïaqb�e, ��xi�­½5½Â�:

sg(xi) =
1

n

∑
xj∈X

fg(pij), (3)

Ù¥, X = {x1,x2, . . .xn}L«��8Ü.Äu3pd©Ùb�e, w,d���m'X�Ø(½��

yVÇ��t = 1
2 . ­½5¼êsgäk±e5�.

5�5 XJ|axi| < |axj |, Ksg(xi) < sg(xj).

y² �âúª(3), sg(xi) = 1
n

∑
xk∈X fg(pik), sg(xj) = 1

n

∑
xk∈X fg(pjk).

�â½Â1,�t = 1
2�,^�(2)L²fg'u 1

2é¡. (Ü^�(1)´�: |pb− 1
2 | < |pd−

1
2 | ⇒ fg(pb) <

fg(pd).

�axk 6= 0�, �â5�4, k|axi| < |axj | ⇒ |pik − 1
2 | < |pjk −

1
2 | ⇒ fg(pik) < fg(jk).

�axk = 0�, �â5�2, kpik = pjk = 1
2 , d�fg(pik) = fg(pjk).

nþ, 5�5¤á. 2

5�5�A
sg���ª³. l5�5��, sg3axi = 0?�����, lüaqål��ýé�

����ò¼��p�sg�.

5�6 XJaxi = −axj , sg(xi) = sg(−xi).

y² �âúª(3), k:

sg(xi) =
1

n

∑
xk∈X

fg(pik).

6
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�â5�3Úaxi = −axj , �:

sg(xj) =
1

n

∑
xk∈X

fg(pjk)

=
1

n

∑
xk∈X

fg(1− pik).

�â½Â1, kf(pik) = f(1− pik). Ksg(xi) = sg(−xi). 2

5�6`²�üaqål��ýé��Ó���äk�Ó�­½5��. 5�5Ú5�6`²3p

db�e���­½5��ª³�5�3Ú5�4�ýÏª³��.

2.3 Äu&E��(½5¼ê

3&EØ¥, Shannon&E�´Ýþ&EØ(½5§Ý�­��{[23]. Shannon&E�®²2�A

^uÅìÆS?Ö¥, X3ID3ÚC4.5�ûüä�{¥å­��^[24]. e&E
kn���, VÇ©O

�{p1, p2, . . . , pn}, �à&E�½Â�:

H = −
n∑
i=1

pi log pi.

�e5, /�&E��¼ê/ª�E÷v½Â1�(½5¼ê. éu�y���y���&
, &

E�¼êL�ª�:

H2 = −(p log p+ (1− p) log(1− p)),

Ù¥p��yVÇ. ã2(a)Ð«
H2�¼êã�. lã2(a)��, ¼êH2�(½5¼êk���üN5.

d	, ¼êH2�4�:3t = 1
2?��. 
3?ný¢êâ�, ØÓêâ�J±«©��yVÇ�Ø�

½3t = 1
2?��. �Ø(½��yVÇtAlüü���yVÇ©Ù¥¼�. Ïd,�â½Â1,òÄu

�&
&E�¼ê=��(½5¼êI�?1ü�C�: (1)UCüN5; (2)UC4�: �, ¦4�

:3t ?��, Ù¥t ∈ (0, 1). C��, Äu&E��(½5¼ê�:

fe(p) =


(
p
2t

)
log
(
p
2t

)
+
(
1− p

2t

)
log
(
1− p

2t

)
, p < t;(

1− (1−p)
2(1−t)

)
log
(

1− (1−p)
2(1−t)

)
+
(

(1−p)
2(1−t)

)
log
(

(1−p)
2(1−t)

)
, p > t.

(4)

éu���yVÇ8Ü,�©ÏL¦^�9{(Otsu)[25]¦)K�t. Otus�{�«²;�ã���

z�{, �n´ÏéK�ò��y©�üa¦�am����. Ïd, T�{����g·A�K�

(½�{. -P = {pij |1 6 i 6 n, 1 6 j 6 n}L«�yVÇÝ
, ��m'X�Ø(½��yVÇ�

�t = Otsu(P ).

ã2(b)w«
t = 0.7�fe�¼êã�,lã2(b)ÐÚ��¼êfe÷v(½5¼ê�üN5�¦. �

e5, y²fe´(½5¼ê.

5�7 úª(4)�(½5¼ê.

y² éúª(4)¦���:

fe′(p) =

 1
2t log( p

2t−p ) , p < t;

1
2(1−t) log( 1+p−2t

1−p ) , p > t.

7
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0 0.2 0.4 0.6 0.8 1

p

0

0.2

0.4

0.6

H
2

(a) The cuver of H2

0 0.2 0.4 0.6 0.8 1

p

-0.6

-0.4

-0.2

0

fe
(p
)

(b) The cuver of fe (t = 0.7)

ã 2 &E�Úfe (t = 0.7) �¼êã�

Figure 2 The cuver of H2 and fe (t = 0.7)

´�p < t�, fe′(p) < 0; p > t�, fe′(p) > 0. Ïd, úª(4)÷v(½5¼ê�1�^�å.

dpb < t < pd,
t−pb
pd−t = t

1−t�íÑ
pb
t = 1−pd

1−t , �\úª(4)��fe(pb) = fe(pd). Ïd, úª(4)÷v

(½5¼ê�1�^�å.

nþ, úª(4)´(½5¼ê. 2

éuêâ8X = {x1,x2, . . . ,xn}¥���xi, ÙÄu&E����­½5�:

se(xi) =
1

n

n∑
j=1

fe(pij), (5)

Ù¥pij ∈ P , P = {pij |1 6 i 6 n, 1 6 j 6 n}.
w,,êâ8¥��m'X�Ø(½5§ÝØÓ,��ØÓ���­½5��ØÓ,é�÷êâd

3ìq(�å���^�ØÓ. Ïd, �©JÑÄu��­½5�àa�{, é­½��8�Ø­½

��8æ��é5�?nüÑ. äN�{ò3e�!�Ñ.

3 Äu��­½5�àaL§

Äu��­½àa�{�Ø%g�3ukòêâ8y©�­½��8�Ø­½��8,2æ^�

é5üÑ©O?nùüa��. du­½��m'X²(, Ùd3�ìq(���ß, N´¼��O

(�àa(J. ���÷Ø­½��JÝ��, òØ­½��y©�­½��8�a(�¥�é�N

´, �k"J,Ø­½��a8áûü�5U. äN/, Äu��­½5�àa�{�)n�Ì�Ü

©: (1)òêâ8y©�­½��8�Ø­½��8; (2)�÷­½��8�d3ìq(�; (3)òØ­½

��y©�T(�¥.

Äk, �©/Ïþ�!¤JÑ���­½5òêâ8y©�­½��8�Ø­½��8. dþ�

!��,��­½5�Ýþ�6u��é��yVÇÝ
. Äu¼�êâA�&E,�ÓKC�(KNN)

´Ýþ���yVÇ���{ü�*�üÑ.éuêâ8X = {x1,x2, . . . ,xn},��xi�KNN��8

Ü�:

KNN(xi) = A, |A| = K, A ⊆ X, ∀xj ⊆ A, ∀xk ∈ X −A, dis(xi,xj) 6 dis(xi,xk).

8
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éuxiÚxj , Äu�ÓKNN��yVÇ��Ó����¤Ó�'~, O�Xe:

pij =
|{xp|xp ∈ KNN(xi),xp ∈ KNN(xj)}|

K
, (6)

Ù¥����K��L�½L�þØ|u�yVÇ��x, ��L����yVÇªÓ, ��L�K

��ÛÜ5¯K. 3�©�Y¢�¥, ����K���[n/(2k)], Ù¥k�êâ8ýÏ�aq�ê. 3

êâ²ïÝ����¹e, XJòêâÀ�²ïêâ?n, [n/k]�za���ê. ����K��

�[(n/k)/2]��¡�±�)êâØ²ï�5�K�, ,��¡�±�)K��L�½L�é�x�y

VÇ�K�.

�âúª(5), ��¤k���­½5S = {s1, s2, . . . , sn}. ÏLK�tsò��y©�­½��8
ÜSSÚØ­½8ÜNS, äNXe:

SS = {xi|si > ts, 1 6 i 6 n}; (7)

NS = {xi|si < ts, 1 6 i 6 n}, (8)

Ù¥tsÏLOtsu�{¦�, =ts = Otsu(S).

òêâ8y©�­½��8ÚØ­½��8�L§��{1¥1-31.

,�, �÷­½��8�d3ìq(�. ­½��8SS¥��m'X�(½, �yVÇ����

Ñ©Ùuüà, =�C0½1. Ïd, ­½��8�d3aq(��é��ß, �æ^®kàa©Û�{

�÷Ùaq(�. �ØØ­½��¬�3�g�kìq��¹, ��d3aê8�U¬õuýÏ, Ï

dæ��gÄ(½a�ê�àa�{. d	, O���m��yVÇÝ
�®²¼���m�ålÝ


,ÄuTÝ
�àa�{òü$TÜ©�O��m�Ñ.nþ�Ä,3�÷­½��8�d3ìq(

��æ^��DÂàa�{(Affinity Propagation (AP))[8]. TÜ©L§��{1¥141.

�e5?nØ­½��8. éu�J�äaO8á�Ø­½��, òÙy©�­½��8�a(

�¥. Ì�g��òØ­½��8áu��q�aq¥. ��xi�aqc��qÝO�Xe:

sim(xi, c) = max
xj∈c

(sim(xi,xj)).

duØ­½��¥�3�?ÛaqÑØ�q��¹, Ïd, æ^Å�?nØ­½���üÑ. T

üÑ`ky©aq±��Ø­½��, ¿^(½a8á���*¿aq, ­E�1ùü�L§��¤

k��Ñ(½a8á. Ù¥, ��x�aq��CÝ�:

ps(x) = max
16i6k

(sim(x, ci)).

Iy©���8Ü��CÝ�uK�tps���:

NS> = {x|ps(x) > tps,x ∈ NS}, (9)

Ù¥tps = Otsu(PS), PS = {ps(x)|x ∈ NS}.
Iy©����©���C�aq¥¿*ÐTaq��. aqci�*Ð�ÏLXeúªO�:

ci = ci ∪ {x|sim(x, ci) > sim(x, cj), j 6= i}. (10)

9
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o�ô�: Äu��­½5�àa�{

­E�1þã©�¿*Ðaq�L§�ò¤kØ­½��Ñ©��aq¥. �{1¥15-91w«


Ø­½���©�L§.

XJ¼��õaq�êuýÏ, æ^�gàa(HC)Å�Ü¿�qaq±�Ï". aqciÚcj��

qÝ�:

sim(ci, cj) =
1

|ci||cj |
∑
xi∈ci

∑
xj∈ci

sim(xi,xj). (11)

Äu��­½5àa8¤�{�6§X�{1¤«.

�{ 1 Äu��­½5�àa�{

Ñ\: êâ8X = {x1,x2, . . . ,xn}, ýÏa�êk

ÑÑ: àa(JC = {c1, c2, . . . , ck}

1: Äuúª(6)����é��yVÇÝ
P = {pij |1 6 i 6 n, 1 6 j 6 n}
2: �âúª(5)O�n����­½5S = {s1, s2, . . . , sn}
3: �âúª(7)Ú(8)��­½��8SSÚØ­½��8NS

4: |^AP�{é­½��8SSàa: Css = {css1 , css2 , . . . , cssk′} ← AP (SS)

5: while |NS| 6= 0 do

6: �âúª(9)�NS>

7: �#­½��8ÚØ­½��8: SS = SS ∪NS>, NS = NS −NS>

8: �âúª(10)*¿Css¥�z�aq

9: end while

10: if k′ > k then

11: �âúª(11)Ú�gàa�{HCÜ¿CSS¥�qaq��a�ê�k: C ← HC(CSS , k)

12: else

13: C ← CSS

14: end if

�{1Ì��Ñ�m�Ü©�)oÜ©: (1)O��yVÇÝ
; (2)|^AP�{é­½��8àa;

(3)y©Ø­½��8; (4)|^�gàaÜ¿aq. Ù¥,O��yVÇÝ
I�O���målÝ
,

z����C�, ±9��m��Ó��. TÜ©��mE,Ý�O(2n2 + n log n) . |^AP�{é­

½��8àa��mE,Ý�O(|SS|2 log |SS|). y©Ø­½��8��mE,Ý�O(T |SS||NS|), Ù
¥TL«S��gê. |^�gàaÜ¿aq��mE,Ý�O(n2). I�5¿�´��målÝ
3

O��yVÇÝ
�®²O�, 3�YAP�{, y©Ø­½��8, Ü¿aq�ØI­EO�. nþ,

�{1��mE,Ý�O(2n2 + n log n+ |SS|2 log |SS|).

4 ¢�©Û

�©¢�©ÛÌ��)ü�¡: (1)3<Eêâ8Úã�©�êâ8þ�*Ð«Äu&E��­

½5Ýþ�Ün5; (2)3ÄOêâ8þ�yÄu­½5àa�{�k�5.

10
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4.1 Ün5¢�©Û

�!æ^ü|êâ�yàa¥­½5�Ün5. 1�|�o���<Eêâ, êâ©ÙXã31

�1¤«; 1�|�oÌ5
uBSD500�ã�©�êâ, ã41�1w«
äNã�.

(a) 2d2k (b) Flame (c) Jain (d) WingNut

ã 3 <Eêâ¢�

Figure 3 Experiments on synthetic data sets

éuz�<Eêâ8, Äuúª(5)O�z����­½5, ¿�âúª(7)Ú(8)©O��­½�

�8SSÚØ­½��8NS, ¢�(JXã31�1¤«. 3ã31�1¥, Ø­½��8NSd�Ú«

�L«, ­½��8SSdÙ§ôÚL«. w,, ã31�1w«, 3o|<Eêâ¥, �âÄu&E�

���­½5�Ié��Ø­½��Ì�?uØÓaq��.«�. 3àa?Ö¥, ùa��áu�

J�äaO8á���:.

ã 4 ã�©�êâ¢�

Figure 4 Experiments on image segmentation data sets

éuã�©�êâ,òz���:À���:, RGB��À�T��:�A��.3T¢�¥,�

âúª(8)��zÌã�¥�Ø­½��:�¤Ø­½«�, ¿�âúª(7)��­½��:�¤­½

11
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L 1 ÄOêâ8

Table 1 Benchmark data sets

Number Data sets Number of samples Number of attributes Number of clusters

1 Iris 150 4 3

2 Wine Recognition Data 178 13 3

3 Seeds Data Set 210 7 3

4 Glass Identification Database 214 9 6

5 Ecoli 336 7 8

6 Cardiotocography Data Set 2126 40 10

7 Image Segmentation data 2310 19 7

8 Waveform Database Generator 5000 21 3

9 tr45 690 8261 10

10 tr41 878 7454 10

11 wap 1560 8460 20

12 re1 1657 3758 25

«�. éu­½«�, æ^ã�©��{Chen-Vese Method[26]òÙ©�. TÜ©¢�(JXã41�1

¤«,ã¥�Ú«�Ð«
Ø­½«�,­½«��©�(JdçÚ«��xÚ«�L«. w,,ã41

�1¤«, ã�¥�Ø­½«�Ì��ÔN�>�Ü©, TÜ©3´ã�©�©�?Ö¥áuJ?n

«�.

±þ¢��*þw«
Äu&E����­½5Ýþ�k�«©­½��8�Ø­½��8,?


�y
�©¤J��­½5Ýþ�Ün5.

4.2 k�5¢�©Û

��yÄu��­½5�àa�{3?nàa?Ö��5U, æ^5
uUCIêâ8�8|êâ

Ú5
uCLUTO�4|©�êâ, 12|êâ��[&EXL1¤«. �éì5�w«Äu��­½

5àa�{(SSC) �àa5U, 8�äk�L5�àa�{�À�5Uëì�{, �)K-means�{,

K-means*�{[27], �Ûk-means�{(GK-means) [28], ��DÂàa�{(AP), g·A��DÂàa

�{(AD-AP)[29], �Ý¸�àa�{(DP), U?��Ý¸�àa�{(GDPC) [30], >.�làa�

{(BPC)1). Ù¥, �a�{þæ^�½àa�ê���. �ü$K-means�{ÚK-means*�{¥�

Å5é5Uµÿ�K�, $1ùü«�{100g¿Ð«Ù²þ5U. �©æ^{uål?n©�êâ.

�µdàa(J5U, ùpæ^ü�²;�	Üµd�I: IOzp&E(NMI)[21]ÚN�=��

ê(ARI)[31]. ùü�µd�IÏLÝþàa(J�ëì(J��qÝ5Ýþàa5U, ÙO��Äu

ü�àa(J���L. àa(JCb = {cb1, cb2, . . . , cbk} ÚCd = {cd1, cd2, . . . , cdk} ���LXL2¤«.

ÄuL2, NMIO��:

NMI(Cb, Cd) =

∑k
i=1

∑k
j=1 nij log

(
nnij

ni·n·j

)
√(∑k

i=1 ni· log
(
ni·
n

))(∑k
j=1 n·j log

(n·j
n

)) .
1) Averbuch-Elor H, Bar N, Cohen-Or D. Border-peeling clustering. IEEE transactions on pattern analysis and

machine intelligence, 2019, DOI: 10.1109/TPAMI.2019.2924953

12

For R
eview Only

中国科学: 信息科学

http://infocn.scichina.com

Page 12 of 17



¥I�Æ :&E�Æ

L 2 CbÚCd���L

Table 2 The cross tabulation of Cb and Cd

Cb\Cd cb1 cb2 · · · cbk SUM

cd1 n11 n12 · · · n1k n1·

cd2 n21 n22 · · · n2k n2·
.
..

.

..
.
..

. . .
.
..

.

..

cdk nk1 nk2 · · · nkk nk·

SUM n·1 n·2 · · · n·k n

L 3 9��{�NMI�

Table 3 Index NMI from the nine clustering algorithms

Number K-means K-means* GK-means AP AD-AP DP GDPC BPC SSC

1 0.7116±0.0622 0.7309 ±0.0142 0.7419 0.7777 0.7777 0.6586 0.6586 0.7630 0.8031

2 0.8414±0.0118 0.8423±0.0184 0.8347 0.7507 0.7315 0.5885 0.7415 0.7955 0.8364

3 0.6743±0.0000 0.6725±0.0037 0.6654 0.6873 0.6790 0.6797 0.5246 0.6959 0.7043

4 0.4107±0.0292 0.3409±0.0313 0.4008 0.3392 0.3065 0.3265 0.2757 0.3918 0.4481

5 0.5939±0.0283 0.5970±0.0185 0.6224 0.6311 0.5653 0.4985 0.4773 0.6333 0.6768

6 0.8972±0.0227 0.9177±0.0368 0.9478 0.9270 0.8118 0.8020 0.8199 1.0000 0.9797

7 0.6114±0.0159 0.6065±0.0112 0.6109 0.6116 0.6095 0.6599 0.6666 0.6664 0.6683

8 0.3642±0.0000 0.3642±0.0000 0.3642 0.2989 0.2760 0.2214 0.2128 0.3592 0.3728

9 0.4669±0.0406 0.2708±0.0244 0.4245 0.4062 0.3681 0.2673 0.3209 0.4491 0.4752

10 0.4829±0.0389 0.3160±0.0312 0.4292 0.4003 0.3917 0.3507 0.4268 0.4311 0.5160

11 0.5058±0.0211 0.4668±0.0163 0.4792 0.3603 0.3603 0.2728 0.2608 0.4523 0.4995

12 0.4360±0.0170 0.3031±0.0148 0.4194 0.4464 0.4461 0.3628 0.3524 0.4192 0.4477

ave rank 4.0000 5.9167 4.3333 4.6667 6.2500 7.5000 7.4167 3.5833 1.3333

ÄuL2, ARIO��:

ARI(Cb, Cd) =
r0 − r3

1
2 (r1 + r2)− r3

,

Ù¥

r0 =

K∑
i=1

K∑
j=1

(
nij
2

)
, r1 =

K∑
i=1

(
ni·
2

)
, r2 =

K∑
j=1

(
n·j
2

)
, r3 =

2r1r2

n(n− 1)
.

3¢�¥, êâ�ý¢y©�µd�I�ëìy©. Ïd, �p��I�¿�X�`�àa5U.

9�àa�{312|êâ8þ�àa(JµddL3ÚL4L«. Ù¥L3Ð«
NMIµd�I�,L4Ð

«
ARIµd�I�. 3L3ÚL4¥, z�êâ��`àa(J�µd�dey�\oI£, ���1

Ð«
z��{�²þS�.

L3ÚL4w«, SSC�²þS�$uÙ§�{. L3w«, SSC3NMIµd�Ie��12|êâ

¥9�êâ��`àa(J. L4w«, 3ARIµd�Ie, SSC��12|êâ¥8�êâþ��`àa
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L 4 9��{�ARI�

Table 4 Index ARI from the nine clustering algorithms

Number K-means K-means* GK-means AP AD-AP DP GDPC BPC SSC

1 0.6589±0.1179 0.7102±0.0080 0.7163 0.7445 0.7445 0.4531 0.4531 0.7184 0.7874

2 0.8451±0.0140 0.8477±0.0196 0.8471 0.7262 0.7144 0.4956 0.7567 0.8025 0.8516

3 0.7049±0.0000 0.7026±0.0048 0.6934 0.7064 0.6952 0.7076 0.4726 0.7020 0.7406

4 0.2572±0.0149 0.1859±0.0278 0.2471 0.1862 0.1583 0.2267 0.2294 0.2397 0.2481

5 0.4238±0.0811 0.4180±0.0334 0.4150 0.4551 0.3412 0.3086 0.2655 0.6142 0.7080

6 0.7779±0.0654 0.8049±0.0905 0.8521 0.8558 0.6529 0.6323 0.6372 1.0000 0.9771

7 0.4711 ±0.0446 0.4736±0.0354 0.5034 0.5100 0.5117 0.5301 0.5318 0.5159 0.5260

8 0.2535±0.0000 0.2535±0.0000 0.2536 0.2167 0.1980 0.1897 0.1875 0.2542 0.2592

9 0.3336±0.0627 0.1855±0.0421 0.2512 0.2498 0.2217 0.0822 0.1275 0.2848 0.2354

10 0.3024±0.0691 0.2698±0.0305 0.2493 0.2296 0.2349 0.1388 0.2725 0.2695 0.3066

11 0.2025±0.0857 0.1408±0.0390 0.1792 0.1126 0.1126 0.1756 0.1964 0.1157 0.2035

12 0.2451±0.0181 0.1224±0.0147 0.1598 0.2066 0.2178 0.1303 0.1660 0.2427 0.2709

ave rank 3.9167 5.7500 4.9167 5.3333 6.4167 7.0000 6.2500 3.7500 1.6667

(J. �?�Ú©ÛL3ÚL4(J, æ^Nemenyi�Yu�. Nemenyiu�'�ü��{�²þS��

���.K����5u�ü��{5U´Ä�Ó. �.K��O�Xe:

CD = qα

√
A(A+ 1)

6D
, (12)

Ù¥A��{�ê, D�êâ8�ê. �&Ý�95%, �{�ê�9�, qα = 3.102. �âúª(12)��,

CD = 3.468. ã5w«
Nemenyiu�(J. ã¥, ùÚ�:L«
éA�{�²þS�, 7��é

A�{��.��, çÚJ��SSC�{�þ�.�. Xã5¤«, SSC�{3wÍ`uK-means*, AP,

AD-AP, DP, GDPC. ã5�*w«SSC��
��c�²þS�.
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(a) Nemenyi test based on table 3
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(b) Nemenyi test based on table 4

ã 5 Nemenyi�Yu�

Figure 5 Nemenyi post-hoc test

±þ¢�(J�y
Äu��­½5�àa�{3êâàaþ�k�5.
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5 (å�

àa©Û´?nÃIPêâ�­�Eâ. êâ�a.õ�z!©ÙE,zuÐ����m'X�

Ø(½5Or, ék��÷êâ�d3aq(��5]Ô. �d, �©òàa8¤¥���­½5V

g*Ð�àa©Û¥, Q�^uÝþ��m'X�(½Ý, ��uyäk­½'X���8. �©l

nØþ�Ñ
��­½5�Ün5©Û, ¿JÑ
��Äu&E����­½5Ýþ¼ê. 3dÄ:

þ, �©JÑ
��Äu��­½5�àa�{, T�{k�÷­½��8�aq(�¿òØ­½�

�8y©�T(�¥. ��<EêâÚã�©�êâ�y
��­½5Ýþ�Ün5, 12|ÄOêâ

þ�é'5¢�w«
Äu��­½5àa�{�'Ù§8��L5àa�{�`�5. ���­½

5�����éuàa(J��zÝJø�­Ýþ�{. d	��'5�´XÛü$O���'XÝ


��m�Ñ.

ë�©z

1 Lecun Y, Bengio Y, Hinton G. Deep learning. Nature, 2015, 521: 436-444

2 Jain A K, Murty M N, Flynn P J. Data clustering: a review. ACM Comput Surv, 1999, 31: 264-323
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Clustering method based on sample’s stability
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Abstract The complexity of data types and distributions leads to the increase of uncertainty in the relationship

between data samples, which brings challenges for discovering the cluster structure inherent in a data set. To

handle this, in this paper, the concept of the sample’s stability in the clustering ensemble is extended to the area

of clustering analysis to reduce the influence of uncertain relationships between samples. We theoretically analyze

the rationality of a sample’s stability and propose an entropy-based sample’s stability measure. Besides, we

propose a clustering method based on the sample’s stability. Firstly, this method divides the data set into stable

samples and unstable samples. Then, it discovers a cluster structure of stable samples and assigns the unstable

samples into this structure. The experimental analyses on two-dimensional data sets and image segmentation

data set visually show the rationality of the sample’s stability. The experimental analyses on benchmark data

sets illustrate the effectiveness of the clustering method based on the sample’s stability.

Keywords machine learning, unsupervised learning, clustering analysis, sample’s stability, stability theory
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