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Abstract: Clustering is a type of core data processing technology, which has been

applied widely in various applications. Traditional clustering algorithms, however, cannot

guarantee the balance of clustering results, which is inconsistent with the needs of

real-world applications. To address this problem, this paper proposes a K-Means based

clustering algorithm with balanced constraints. The proposed clustering algorithm changes

the data point assignment process, in each iteration, to achieve balanced data blocks. The

maximum cluster size threshold can be customized to meet different division requirements.

The algorithm is simple and efficient—only two parameters need to be specified: the
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number of clusters and the threshold for the maximum cluster size. A series of experiments

carried on six real UCI (University of California Irvine) datasets show that the algorithm

proposed in this paper has better clustering performance and efficiency compared to other

balanced clustering algorithms.

Keywords: balanced constraints; clustering; greedy algorithm; data management

0 Ú ó

àa´�«��êâ©ÛEâ, �3òêâ8y©¤ØÓ�f8, ¿�Ó��f8¥

�êâäk�p�qÝ. àa3Nõ+�ÑÉ�2�A^, �)ÅìÆS!êâ�÷!�ª

£O!&Eu¢�. ²LïÄöõc�ïÄ, ¯õàa5Up��àa�{�U�JÑ, �

)Äuy©�àa[1]
!�gàa[1]

!�Ýàa[2]
!�
àa[3]�.

àaäk2��A^�µ, 3©Ùªêâ+nXÚ¥, 8+¥z�O�ÅKI�êâ©

¬�±dàa�{5û½, àa¦?u�ÓO�!:¥�êâäk�p��q5, ü$
8

+¥O�Å�mdu�þÏ&E¤�5U�Ñ. ,, DÚàa�{Ï~�éq��¹�ê

â:ê8þ�½öe��Ñ�½, ¤±)¤�êâ¬²ï5  ��, N´Ñy,
êâ¬

L�½öL��/,  ¬ü$©Ùªêâ+nXÚ��N5U. Ïd, XÛ3àaL§¥

?�Ú�åq�²ï5, ò¤kq����å3�½�K���S, ùäk��A^d�.

8c, ®JÑ�²ï�åàa�{ÊH�3±eü:Øv: � �{�E,ÝÊH�p.

duNõ²ï�åàa�{´Äu K-Means ?1�U?, K-Means O� K �Ü·¥%:�

L§´�«;.� NP-Hard L§, e�3õ�ª�mS¦��Ð�àa¥%:, I�éà

aL§æ^�½�\�üÑ, ÄK¬Ñy�{�$1�mL�, õ�ª�mS���àa

(J�þØp��¹. C
cJÑ� 2 «²ï�åàa�{ Balanced K-Means(BKM)[4]�

BCLS[5]��mE,Ý©O�O(tn3)� O(tn2), Ù¥ t��{�S�gê, 3��5�êâ8

þàa��Çk�?�ÚJ,. � q��¹êâ:ê8Ø|±^rg½Â. q��¹êâ:

ê8þ��Ø��ò��àa(J�²ïÝØ�ýÿ, 3®JÑ�²ïàa�{¥, �k4

�ê�²ïàa�{|±^rg½Âq¥�õ��¹�êâ:�ê. du3¢SA^|µ

¥�A^I¦äkE,5A:, �«àa�{e�U�)ýé²ï½öàa(J�²ïÝ

Ø��, �{�Ï^5ò¬ü$. Ïd, ²ï�åàaéq²ïÝ��å§ÝA|±^rg

½Â, ÷vØÓA^|µe�¢SI�.

�éþã�yk²ï�åàa�{ÊH�3�¯K, �©JÑ
�«Äu K-Means �

²ï�åàa�{. T�{é K-Means ¥êâ:�©�üÑ?1
U?, �êâ:}Á\

\�,�q�, Äku�Tq¥êâ:�ê´Ä®²��^rkc���þ�, eq¥êâ

:�ê����þ�, òêâ:��\\�q¥. eq¥êâ:�ê®²��þ�, KòT

êâ:�q¥%:�ålÚq>.:�¥%:�ål�'�: eT�\\êâ:��Cq

¥%:Kòq�c�>.:HØ, òTêâ:\\q¥; eq�c�>.:��C¥%:,

Kêâ:}Á\\Ù¦q.

�©�Ì��z�):

(1) JÑ
�«Äu K-Means �²ï�åàa�{, T�{äk{ü!¯��A:;

(2) JÑ�²ï�åàa�{�±�åz�q�õ��¹�êâ:�ê, Ó�|±^r

g½Âêâ:ê8þ�, �{äk�½�Ï^5;
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(3) 3 6 � UCI ý¢êâ8þ�Ù¦àa�{?1'�
n�àaµd�I(�)��

²ï5), ¢�(JL²�©JÑ�²ï�åàa�{�'Ù¦²ï�åàa�{�\p�,

�U
�yàa(J�²ï5.

1 �'ó�

�âêây©��ªòyk�²ï�åàa�{©� 2 a: M²ïy©�{�^²ï

y©�{. üö�«O3u�{´Äéy©Ñ�êâ¬5�?1î���. 3¤k�²ïy

©�{¥, ý�õê�{y©êâÑ´ÏLàa5¢y. My©�{du�{�Û�5, o

NêþØõ, 3 Bradley �[6]JÑ��{¥, ÏLéz�q¥���ê��e�5;�3�

{�1L§¥�)L�q. Malinen �[4]é Bradley ��ó�JÑ
U?, 3àam©�ãk

�E��d N �êâ:±9 N � slot �¤��Üã, ò N � slot ?1 K �©/¤ K �|,

3êâ:©��ã, ¦^:ß|�{[7]ò N �êâ:©�� N � slot ¥, slot ¥�z�|=

éA(J¥���q, T�{==·^ukMy©I¦�A^|µ.

��uMy©�{ó, ^êây©�{=òy©��êâ¬²ï5������

��å�I, �ª�²ï5�U�~�CMy©�n�G��éJý���. äN��´Ï

L�� Loss function ¥��Kzëê5�å(J�²ï5. 3 WU �[8]JÑ��{¥, Ä

kòêâ¬©�eZ� RSG, ���â½Â� Loss function òØÓ� RSG ?1Ü¿, Ü¿

3�å� RSG ò�©���Ó�!:O�Å. Banerjee �[9]�O
��dn�Ú½|¤�

²ïàa�{, 3êâ:©��ãòz�q¥®kêâ�êB\êâ:\\q��dO�

úª¥, ,	�{Äu stable marriage problems¯K�g´)û:©�¥�½5¯K. 3

Banerjee�[10],��ó�¥¢y
^r�±ýkg½Â��q�²ïÝ. Liu�[5]�ó�¥,

3 Loss function ¥Ú\éq²ï5¨vÏf5�åàa(J�²ï5, ¿¦^O2.�K

F¦f\��{Âñ.

2 ¯K½Â

�½êâ8 T = {xi|i = 1, 2, 3, · · · , N}, Ù¥ N �êâ8¥êâ�ê, 8Iêâ¬ê8

� K. ²ï�åàaò�âýk½Â�ålòêâ8 T ²ï/y©� K �q, z�qÑä

k��¥%:, �k K �¥%:, P� C ={µj |j = 1, 2, 3, · · · , K}, àa(J¥¤k�q&E

�;3 cd = {d1, d2,··· ,dK}¥, di = {xi|i = 1, 2, 3, · · ·, g}L«1 i �q¥¤k�êâ:. t(di)

L«1 i �q��¹�êâ:�êK�, Xª (1) ¤«, Ù¥, τ �q¥êâ:�êþ�.

t (di) = ||di|| 6 τ, i = 1, 2, 3, · · · , K. (1)

²ï�åàa�?Ö3u¤kq3÷vþ�K���¹e, êâ8¥¤k�:�Ù¤3�

q²þ�d�$, Loss Function Xúª (2) ¤«.

MSE(x1, · · · , xN , µ1, · · · , µK) = 1
N

N
∑

i=1

φ(xi, µe(i)),

||di|| 6 τ, i = 1, 2, 3, · · · , K.

(2)

Ù¥ φ(xi, µe(i)) ^uO�êâ: xi ©��q e(i) �)����, µK L«1 K �q�¥%,

e(i) L« T ¥1 i �êâ:�©���q.
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3 Äu K-Means �²ï�åàa�{

3 K-Means �{�zgS�L§¥, z�êâ:ÄkO�� K �q¥%:�ål, �

���\\�Ù��C�q¥. 3dL§¥, ¿vk�Äz�q¥®k�êâ:�ê, Ó�

�vk�Äq¥®�3�êâ:ål¥%:�ål��\\:�¥%:�mål���'

X. b�3 K-Means zgS�¥=éq�¹�êâ:�êþ�?1��,·�uyù�?1

àa¬u)î�“�©�”¯K.

b�3 K-Means àa�zgS�L§¥éq�¹�êâ:�êþ�?1
��, K-

Means �g´´ò¤kêâ:©���Cq, du�{zg�Ålêâ8��e:¥À�Ñ

��êâ:éÙ©�q. ed�=ò�©�#êâ:�q¥®kêâ:�ê����þ�,

Ï�Ø¬»�q�²ï5, êâ:�±¤õ\\��C�q¥. ed�,�q¥�êâ:

oê®��¤�½�þ�, KÙ¦�êâ:òÃ{\\�q¥, =¦�c�\\�:'q¥

¤k�:ål¥%:Ñ�C. Ïd, eØé©�5K?1?�Ú?U�U¬E¤î�àa

�Ø.

�éþã©Û�²ï�åàa¥�UÑy�¯K,·�JÑ
�«Äu K-Means �²

ï�åàa�{, T�{Ø={ü!p�, Ó�|±^rg½Âq¥��¹�êâ:oêþ

�, ÷vØÓA^|µe�êâ²ïy©I¦.

�©JÑ�²ï�åàa�{ÄkO�Ñz�êâ:� K �q¥%:�ål, �Xé

K �qUìdC��üS�� STC = {γj|j = 1, 2, 3, · · · , K}. Äk}Á\\q γ1, �}Áò

:\\q γj ¥�, e ||dγj
|| 6 τ , ò xi \\�q γj ¥, ÄK?�Ú�äq γj . q γj �>.

:�¥%:�ålP� radiusγj
, e radiusγj

�u xi �q γj ¥%:�ål, ò xi \\q γj ,

HØ>.: z, #©�: z �q(>.:=�q¥�¥%:ål���:); ÄK¦^�Óü

Ñ�Ä\\q γj+1, ��¤õV\?,�q.
{

xi©��qγj , ||dγj
|| 6 τ

?�Ú�äqγj , ||dγj
|| > τ

, (3)

{

xi©��qγj¿£Øqγj�>.:, radiusγj
> d(µγj

, xi)

}Á\\qγj+1, radiusγj
6 d(µγj

, xi)
. (4)

þã�²ï�åàa�L§X�{ 1 ¤«.

3�{ 1 ¥, AddtoNearestCluster(xi) ¼êL«òêâ: xi ©��Ü·�q, CSj �;

1 j �q¥®k�êâ:9Ùål¥%:�ål. �{ 1 Äk3êâ8¥�Å(½ K �

êâ:��àaÐ©:, ��éêâ8¥ N �êâ©O¦^ AddtoNearestCluster ¼êò

z�êâ:\\�Ü·�q. AddtoNearestCluster ¼ê�ëê�êâ8¥�z��êâ:

xi, AddtoNearestCluster ¼êÄkO� xi �z�q¥%:�ål, UìdC��üS��\

STC={γj|j = 1, 2, 3, · · · , K} ¥. ,�, UìdC��^S}Á\\� SC ¥�,��q¥.

XJ γj q¥�cêâ:�ê���¤�þ� τ , Kòêâ: xi ��\\�q¥. eq γj ¥

êâ:�ê®��þ�, K'�q γj �c>.!:l¥%:�ål� xi lq γj ¥%:�

ål. e xi l¥%:�C, Kòqγj �c>.!:HØ, : xi \\q γj . e xi l¥%:�

�, K$^�Ó�üÑ}Áò xi \\�q γj+1 ¥, �� xi ¤õV\�,�q. Ù¥, éu

�{S�L§¥�lq¥HØ�>.:, �¦^ AddtoNearestCluster ¼êéÙ#©�q.

�{��q¥%Øu)Cz½����S�gêÊ�S�.
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���{{{ 1 ²ï�åàa�{

Ñ\: êâ8 T , qê8 K, q�±�¹�êâ:�êþ� τ

ÑÑ: K �q8Ü cd = {d1, d2, · · · , dK}

1: AddtoNearestCluster (xi)

2: O�êâ: xi � C ={µj |j= 1, 2, 3, · · · , K}¥z�:�îªål, �â

åld��C��q�üS8Ü STC = {γj |j = 1, 2, 3, · · · , K};

3: for j ←− 1 to K DO

4: if ||dj || 6 τ

5: xi �\ dj ;

6: òêâ: xi ±9Ùål1 j �q¥%�ål γj �\ CSj={{xi, γj}· · · };

7: break

8: else

9: if êâ: xi ål1 j �q¥%�ål γj �u CSj ¥���ål

10: continue

11: else

12: ò1 j �q�>.: z íØ¿òêâ: xi \\�1 j �q¥

13: AddtoNearestCluster(z)

14: lêâ8 T ¥�Å(½Ñ K �êâ:��Ð©¥%:C={µj |j=1, 2, 3, · · · , K}

15: repeat

16: for i←− 1 to N DO

15: AddtoNearestCluster(xi)

17: #O�z�q�¥%:

18: until qØu)Cz½����S�gê

4 �mE,Ý©Û

�©JÑ�Äu K-Means �²ï�åàa�{ÏLé K-Means ¥�êâ:©�üÑ?

1?U, z�êâ:ÄkO�� K �¥%:�ål, E,Ý� O(K), eq��÷K��V\?

q¥, TL§� K-Means �Ó. eq¥êâ:�ê®²��þ�, ��òÙ�¥%:�ål�

q>.:�¥%:�ål�'�, d?��mE,Ý� O(1), e÷vV\^�K\\Tq, �H

Ñ�:¦^Ó���{#©�q. eØ÷vV\^�KUY}ÁÙ¦q. ���¹�¤k�

:ÑI�}Á K gâUV\�Ü·�q¥, Ïd�mE,Ý����¹e� O(tk2n), Ù¥ t�

�{�S�gê.

5 ¢�

�!·�òJÑ�²ïàa�{�Ù¦ 5 «àa�{�'�, ©O´ K-Means(KM)[1]!

Fuzzy C-means(FCM)[3]!Spectral Clustering(SC)[11]!Balanced K-Means[4]Ú BCLS[5]. Ù¥

KM Ú SC Ñ´�2�¦^�²;àa�{, FCM ´�«�~p���
àa�{, Balanced

K-Means � BCLS ´â·�¤�ü«�J�Ð�²ï�åàa�{, Balanced K-Means ´�

«Äu K-Means �M²ï�åàa�{, BCLS ´�«38I¼ê`zÄ:þJÑ�²ï�å

àa�{.

5.1 ¢���

êâ8�ý?n�¢�À�
 6 � UCI ý¢êâ8, ©O´ Wine!Lonosphere!Iris!

Cryotherapy!User Model Ú Vechicel. �
�Ð/ÿÁz��{�²ïàa5U, ò¤kêâ

8¥z«aO�êâ�êí~��Ó, =3²ï�êâ8eàaÿÁàa(J�²ïÝ, ù�

©z [5] ¥�¢���aq. N���z�êâ8&EXe: Wine ¥êâoê 144, �¹ 3 a;

Lonosphere ¥êâoê 252, �¹ 2 a; Iris ¥êâoê 150, �¹ 3 a; Cryotherapy ¥êâo
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ê 84, �¹ 2 a; User Model ¥êâoê 200, �¹ 4 a; Vechial ¥êâoê 796, �¹ 4 a. �

¢�¥z�q�±�¹�êâ:�êþ����N
K

.

µµµdddNNNXXX �©¦^²ï�åàa~^�n«µd�{éJÑ��{?1µ�.

(1) O(Ç (Accuracy, ACC)[12]. T�Iïþêâ¤kêâ��3àa��I\��uk

��£¥ý¢I\�O(Ç, Xª(5)¤«.

ACC =

N
∑

i=1

δ(si, map(ri))

N
. (5)

Ù¥, N �êâ8¥��oê, e si=map(ri), δ ¼ê�� 1, ÄK� 0. map���N�¼ê,

òàa(J�êâI\N���êâ8¥�A�I\, si�k��£¥êâ��©I\.

(2) 8�zp&E(Normalized Mutual Information, NMI)[13], ^uµdàa(J�êâ8

�©ÙCq§Ý, Xª(6)¤«.

NMI(X, Y ) =
I(X, Y )

√

H(X)H(Y )
. (6)

Ù¥, I(X, Y ) L«©Ù X � Y �p&E, H(X) L«©Ù X �&E�.

(3) IO&E�(Normalized Entropy, Nentro)
[5], ^uïþq�m�²ïÝ, ���C1L«

¤kq�m�²ï, O�úªXª(7)¤«.

Nentro= −
1

log2c

c
∑

k=1

rk

N
log2

rk

N
. (7)

Ù¥, rk L«1 K �q¥�êâ:�ê.

5.2 ¢�(J�©Û

¢�¥z��{�àa(J�þ9Ù²ï5XL 1 ¤«.

LLL 1 6 «««àààaaa���{{{333 6 ���êêêâââ888þþþ���¢¢¢���(((JJJ

Tab. 1 Clustering results of six clustering algorithms operated on six datasets
µd�I êâ8 5� qê8 KM FCM SC BKM BCLS BCGS

O(Ç

Wine 148 3 0.937 5 0.888 8 0.972 2 0.875 0.986 1 0.972 2

Lonosphere 252 2 0.769 8 0.753 9 0.670 6 0.785 7 0.746 0 0.785 7

Iris 150 3 0.900 0 0.920 0 0.886 6 0.946 6 0.853 3 0.920 0

Cryotherapy 84 2 0.738 0 0.547 6 0.547 6 0.785 7 0.785 7 0.809 5

User Model 200 4 0.595 0 0.425 0 0.385 0 0.460 0 0.555 0 0.615 0

Vechicle 796 4 0.385 6 0.370 6 0.424 6 0.418 3 0.425 8 0.433 4

8�zp&E

Wine 148 3 0.800 9 0.697 0 0.885 9 0.626 0 0.9385 0.894 9

Lonosphere 252 2 0.222 0 0.195 1 0.164 5 0.250 4 0.182 4 0.250 4

Iris 150 3 0.743 6 0.777 3 0.762 9 0.830 8 0.680 2 0.777 3

Cryotherapy 84 2 0.187 4 0.006 5 0.006 5 0.250 4 0.250 4 0.297 5

User Model 200 4 0.452 3 0.237 3 0.225 9 0.264 1 0.372 5 0.407 3

Vechicle 796 4 0.113 1 0.101 3 0.174 3 0.143 2 0.105 9 0.156 7

IO&E�

Wine 148 3 0.994 5 0.999 4 0.999 4 1.000 0 1.000 0 1.000 0

Lonosphere 252 2 0.999 2 0.999 8 0.995 7 1.000 0 1.000 0 1.000 0

Iris 150 3 0.999 8 0.999 9 0.972 2 1.000 0 1.000 0 1.000 0

Cryotherapy 84 2 0.956 6 0.998 3 0.998 3 1.000 0 1.000 0 1.000 0

User Model 200 4 0.935 9 0.988 4 0.993 2 1.000 0 0.786 7 1.000 0

Vechicle 796 4 0.994 8 0.995 9 0.826 4 1.000 0 0.983 3 1.000 0
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dL 1 ��, �©JÑ�²ï�åàa�{�àaLy�N`uÙ¦ 5 «àa�{, 3�

y
àa(J²ï5�Ó�àa(J�äk�p��þ. 3L 1 � 6 «àa�{¥, BKM!

BCLS Ú�©JÑ�²ï�åàa�{(J�²ï5�J�Ð. Ù¥, 3Lonosphere!Iris!User

Model!Vechicle êâ8þ�©JÑ�àa�{�Lyþ`u BCLS; 3 Wine!Cryotherapy!

User Model!Vechicle êâ8þ�©¤JÑ��{Lyþ`u BKM. BKM ���«Äu:ß

|©��M²ïàa�{, Ùàa(J�±�yýéþï��J, �éJpàa(J�þ�æ

�?�Ú��, ÏdØIO&E�±	�µd�IÑ$; BCLS ÏL`z�d¼ê5��²ï�

å�8�, Ùàa(J�²ï5  �J��ýéþï, Ù¦àaµd�I�LyÑÐ. Ó�,

dã 1 ���©JÑ�²ï�åàa�{��Ù¦�{äk�p��m5U. �©JÑ�²ï

�åàa�{�é²ï�å�A:é K-Means ?1
U?, �q¥êâ:�ê��þ��, #
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