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Äu�
����`z�., |^�
äáÝL�aOy©��
5,ÏL&E�£ãaOy©�k�5. 3dÄ:þ½Â
`z8I¼ê,3wÄI�eòêâf8�àaL§n)Ǒ��`z¯K, �àa(JUk�£ãêâS3(�AÆ, Ó��±��I�màa�.�ëY5. ò`z¯K�)�ǑVg¤£uÿ��â, �y
uÿ(J�k�5,k|uÓ¼àa(��Czª³. 3�ý¢�¥,|^<Eêâ8Úý¢êâ8é#�{�k�5?1
�y, ¿ÏL¢��õ«üzàa�{3àa°Ý!Vg¤£uÿ°Ý±9O��Ç�õ��¡?1
'�. �ý(JL²
T�{�k�5, 3�Ó^�eÙàa°ÝÚVg¤£uÿ°Ý�'Ù�àa�{äkwÍ`³,U
Ó�ü$O�Ñ¤�mÚ�;�m.'� êâ6 üzàa `z�. �
äáÝ &E�
1 Úó�XO�Å�äÚ��Da�ä��þA^, 3��+�¥�þêâ±êâ6�/�Øä�),~X, 7K�´&E!>{��P¹!�Ïiÿêâ!�ä�¯F�!;¾i�êâ�[1] . �'DÚ�·�êâ¥/�, êâ6®²¤Ǒ�«#,�Fª��êâ�3/ª. Ù;.AÆ�)[2∼4]µa. #êâØä�), êâoþd3��. b. #êâ�)��ÝÚ�mm��UJ±(½. c. êâp�6Ä,éÙ×£gê=�uüH. d. Éõ�¡�ÏKǑ, êâ.�©Ù�.�U��mu)Cz. éuù«%¹�þ&E�êâ6, <�½�I�l¥¼�a,���£Ú5Æ, Ó�#êâ�Øä�)ÚÄ�Cz��DÚ�êâ�÷�{J±��û��J,Ïdéêâ6?1�÷Ú©Û´��äk�¢S¿Â�4L℄Ô�ó�. àa©Û�Ǒ�«U
&ÿêâaO(���iÒÆS�{, 3êâ6��ªuyÚ�£�÷¥�3ã�då[5]. éêâ6?1àa©Û, Ò´3é���êâ?1©q�Ó�, �X#êâ�Øä¼�, éàa(J?1Ä��#ÚN�, ±¼��Nêâ6S3(����àa/�. Ó�, êâ6Oþ�#Ú3�N!�AÆǑéàa©Û�{JÑ
#���Ú℄Ô[2] .ïÄ<
�éêâ6�àa¯Km��\ïÄ,é·�êâ8þ�²;àa�{?1
U?Úÿ�, JÑ
�
�#�g´Ú)û�{. 3�Ï�êâ6àaïÄ¥, <�òêâ6ÀǑ�êâ8�AÏ�¹, b½êâ6�NÑl,���©Ù, òêâ6àa�½ǑüH×£¼�êâ8�àa(J,
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òDÚàa�{A^uêâ6, �UJÑ
BIRCH �{!STREAMàa�{!Incremental K-Means�{!êâ6��àa!êâ6�gàa��{[1, 6∼9]. ¯¢þ, êâ6¥%¹��.Ú(��U?uØäCz¥, éù
Cz?1©ÛÚ
)U�Ï·�é¯Ôu���*5Æk����£. �éù�I�, kÆöJÑ
üzêâ6àa, �Ǒêâ6¥Ûõ��.´Ä�Cz�, |^�mI��.éêâ6?1©ã?n. ~X, CluStream[10] òüzàa©Ǒ3�àaÚl�©Ûü�Ú½, 3�àaéØä���êâ�o�q(�, ¿��3ØÓ�mâÝ�7i©�m(�¥, l�©Û�ã)¤A½�mã�àa(J. SWClustering �{[11]ò�êÎGã(Exponential Histogram, EH)��màaAÆ(temporal cluster features, TCF)(Ü, JÑ
�«#�êâ(�)Exponential Histogram of Cluster

Features (EHCF), |^EH?nqS(�üz, |^TCFL�a©Ù�Cz. Cao�<[12]Ǒ
;��{5UÉ�êâ©ÙKǑ, JÑ
�«ÄuP~I��.�üzêâ6�Ýàa�{, =DenStream�{,U
|±�¹õ«E,q/GÚD(�üzàa. ClusTree�{[13]|^©�ä(hierarchical tree)(��o\�CF�þ, U��¥ä�ä(�¥V\#8I¿ÑÑàa(J,�Léàa�.�5�?1·�b�, ÏLÜ¿Ú©�ö�é�.5�?1gÄ��, T�{�äk?n¯�½ú�êâ6�g·N!Uå. Zhang�<[14, 15] ò��DÂ£affinity propagation, AP¤àaA^uêâ6,JÑ
StrAP�{. T�{Ú\©�AP(hierarchical AP, Hi-AP)Vgòêâ8�Åy©ǑeZf8, 3z�f8þ|^APàa�{�)�X�àa¥%(exemplars), 2éù
lf8¥J�Ñ�àa¥%�¤�êâ8?1\�AP(weighted AP, WAP)àa, ?/¤#�àa¥%|. T�{|^Hi-APïá�©zàa�., éu#�5�êâ�, ÏLO��Ù�C�àa¥%�ål, òål�uK��êâ�'é�Tàa¥%¿?1�.�#,òål�uK��êâ��\6�³. �6�³5����½§Ý�,|^Page-Hinkley test �{[16]¢y�.ï.�'·�êâ, êâ6�)¤�.½êâ©Ù�3Ä�Cz, ùò��<�'%�àa(�u)Cz,=Vg¤£[17, 18]. ÏXÛ9�uÿVg¤£�u),?&Äa(�üzª³Ú¯Ôu�S35Æ´üzàa���'�¯K. Ǒd,àa�{7L3éØä6\�êâ6)¤q(��Ó�, JøVg¤£uÿUå,±B9��#àa�.,�àa(J�ä�^5Ú�)º5. 8®k�
ïÄó��7Vg¤£uÿ¯Km�,~X,©z [19]¥�ö�^&E�©�ä(Hierarchical Entropy Tree)(��oàa(��&E�A5, ¿ÏL�`qêþ�CzuÿVg¤£�u). ©z [20]Äuo÷8nØJÑ
�«Vgm�ålÝþ, ¿^5uyêâ6�Vg¤£. N Lu �<[21]�O
��Äu¯~�ínXÚ,Ø2��Ýþ¢~�¢S©Ù,´Ú\
�«#�Uå�.(competence model)ÏLuÿUåCz¥��É5uyVg¤£. ù«ÄuUå�Vg¤£uÿ�{�I«~©Ù�k�&E, U¼��&Ý�p�uÿ(J, ¿UéVg¤£�Ñäk�)º5�£ã. ©z [22]�O
��Ä�XÚ�.(dynamical system modeling), |^E\½n(immersion theorem)òëY�mI�¥�êâ*ÿ�m�ÿÀ�m±L�êâ*ÿm��m'X(temporal relationship)Ú��mCz�¹, ?¢yVg¤£uÿ. D Liu �<3©z [23]¥JÑ
�«¢#ëê4�ÆSÅ(forgetting parameters

extreme learning machine, FP-ELM),3éêâ6?1Oþ3�?n�,�â�ÆS(J����êâ¬�¢#ëê, ±·A#��mI�eêâ�.�Uu)�Cz.yk�üzàa�{¥Ì��3n�¯K. Äk,�õê�{´Màa, =ò8Iî�y©�,�aO¥. ¯¢þ,y¢.¥�éõé�du��äk�
5ÚØ(½5, 3aOy©�¿Ø·Ü?1Màa,´LyÑ�½�¥m5(intermediateness). 3?nù��àa¯K�, �
8nØ[24, 25]Ǒ·�Jø
é��óä. 1�, 3?1àa���Äa�.�Vg¤£m��'5, òàaÚVg¤£uÿ�Ǒü�Õá�L§?n, �Ñ
àak�5éVg¤£uÿ�KǑ. �#�êâ6\�, X
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Jykàa�.g��k�5��, 2�âù��.�äa(�´Äu)Cz, KVg¤£uÿ(J�k�5J±�y. 1n, 3àa�, =ÏL,«�q5Ýþ5Ǒ#6\�êâ©�aOI\, �{éàa�.�Ñ`z½N�, lJ±¼��`�àa(J. �éù
¯K, �©JÑ
�«Äu`züÑ����êâ6üzàa�{, |^�
äáÝL�aOy©��
5, ÏL&E�£ãaOy©�k�5, 3dÄ:þòàa�)=zǑ��`z¯K, �â`z¯K�)?1Vg¤£uÿ. T�{U
�y¼�k��àa(�, ?;��Ñàak�5éVg¤£uÿ(J�KǑ, �àaL§ÚVg¤£uÿÓ����`.�©�Ì�ó�Xe:

1) ·�JÑ
�«Äu`züÑ��
���êâ6üzàa�{. T�{|^�
äáÝL�aOy©��
5, |^&E�£ãaOy©�k�5, ¿3dÄ:þ½Â
#�`z8I¼ê, òàa¯K=zǑ��`z¯K. �#�êâ¬�5�, ÏL3�å^�e�)`z¯Kl¼�#�àa�., ù��.Uk�£ãêâS3(�AÆ, Ó��±���àa�.�ëY5. Äuù�üÑ, í�
���àa`z¯K�S��)�{;

2) òêâ6àaÚVg¤£uÿ?1�Ü, �â`z¯K�)?1Vg¤£uÿ. ù�, ��¡U
�y¼�k��àa(�, ?;��Ñàak�5éVg¤£uÿ(J�KǑ, �àaL§ÚVg¤£uÿÓ����`; ,��¡, duàa(J�±
�.Cz�ëY5, Vg¤£uÿL§U���Ó¼àa(��Czª³;

3)3ØÓêâ8þ�¢�(JL², ·�JÑ�üzàa�{3àa°ÝÚVg¤£uÿ°Ý��¡äkwÍ`³, Ó�ò�{��mE,ÝÚ�mE,Ý�±3�$Y².�©(�Xe: 12Ü©0�
�
���àa�{��n. 13Ü©£ã
üzêâ6�`zàa�.ÚVg¤£uÿÅ�. 314Ü©, ·�|^õ«êâ�«
JÑ�.�5U. ��, 315Ü©�Ñ(Ø, ¿é�5ó�?1�".

2 ���àa���àa´�«��àa�{,U|^�
äáÝ¼�'Màa�E,�'uêâé�Ú¤áqm�'X,�äáÝ���ëY5Ǒ�·Ü^5£ã�
qm�>.. T�{3FCMàa[25]�Ä:þÚ\�à�&EþVg-=�, ÏL���ínÅ�(Maximum-Entropy Inference, MEI)3�½?¿&E��¹e¼�äáÝ�� �O[26, 27] . éu·�êâ8X = {x1, x2, . . . , xN}§N > 1Ǒêâ8�¹���êþ, ���àa�8I¼ê½ÂǑ:

min
W,C

J (ω, c) =

k∑

l=1

N∑

i=1

ωli‖xi − cl‖
2
+ α−1

k∑

l=1

N∑

i=1

ωli lnωli . (1)Ù¥, W = [ωli]k×NǑ�
äáÝÝ
, ωliǑé�xi'u1l�q�äáÝ, cl L«1l �q�àa¥%,

C = [clk]Ǒàa¥%�¤�àa�.�þ, k > 1Ǒy©q�êþ, αǑ�u0 �~ê. Ú\.�KF�f, |^EM �{��ª(1)�ÛÜ�`)Ǒ:
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�½ω̂li, K
cl =

N∑
i=1

ω̂lixi

N∑
i=1

ω̂li

. (2)�½ĉl, K
ωli =

e−α‖xi−ĉl‖
2

k∑
l=1

e−α‖xi−ĉl‖2

. (3)éu·�êâ8, ÏLk�gS�, �{U¼�ÛÜ�`), ù:®²3©z [26]¥��y².

3 Äu����êâ6üzàa`z�.
3.1 êâ6�mI�?nµe3éêâ6?1àa©Û�,Ǒ
;�LÏ�{¤êâéàa(J�)Ø|KǑ,<�Ï~Ø��éêâ6¥�¤kêâ?1?n, ´�'%�C�ã�mSêâ6�©ÙG¹. Ǒd,wÄI�Eâ�^5�¼��ã�mS�êâ6P¹, ¤Ǒêâ6©Û�Ì�óä��.½ÂS = {S1,S2, . . . ,ST }´|^wÄI�Uìêâé�����méêâ6X ���y©,éu?¿1 6 p 6= q 6 T ,÷v T⋃

p=1
S
p =

XÚS
p⋂

S
q = ∅. ÏLwÄI��y©,·�é�I�¥�êâé�?1àa©ÛÚVg¤£uÿ,òüzàa?Ö©)Ǒn�¯K�)û:

• éu1��wÄI�S�êâf8XÛ?1�©àa,±9éu®²�½Ǒu)Vg¤£�f8XÛ�àa�.º
• éu�#6\�êâf8, XÛ|^®/¤�àa�.?1àa�#º
• XÛuÿêâ6¥´Äu)
Vg¤£ºÙ¥§1��¯K�ÏL���àa�{?1�). 3dÄ:þ,·�òéT�{?1*�,�ï��`z�.^u)ûÙ{ü�¯K. �#�êâf86\�, ù�`z�.UJøk��qy©OK, ¼��I�êâ%¹�àa(�, ¿�±�þ��I�¥àa�.�ëY5. Ó�, òVg¤£uÿ¯K8¤�àa`z�.¥, |^`z¯K�)�Ǒ�ä´Äu)Vg¤£��â. éu��#�5�êâf8, �U�3õ«àa�., ù
ØÓ�àa�.ò��ØÓ�Vg¤£uÿ(J, �.�k�5�`, K±d�Ñ�Vg¤£uÿ(J��5Ǒ�p. Ǒd, ·�|^`z�.é�#êâf8��`àa(�, eù��`(�E�{éêâf8?1k��a(�y©, K�Ǒêâ6¥(¢u)
Vg¤£.

3.2 àa`z�.�#êâf86\�, �Ä�êâ6�ëY5, #�àa�.A�3þ���.�Ä:þ�#5, Ǒd3�O`z¯K�8I¼ê�A��'·�êâ8�àa�Ä�õÏ�. �©JÑ�8I¼ênÜ�Ä
#êâ6\�àaOK�Ôn¿ÂÚVg¤£uÿ�I�,Ù¥àaOKò3�!?1£ã, Vg¤£uÿò33.3!¥?1?Ø.
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éuêâ61p�wÄI�¥�êâf8S
p, -xp

iL«Ù¥�1i�êâé�(1 6 i 6 |Sp|)§W p =

[ωp
li]´S

p��
äáÝÝ
, Cp = [cpl ]L«êâf8S
p6\�/¤�àa�., kpL«Cp¥q�êþ,

Cp−1L«1p − 1�£��¤êâf8�àa�., éS
póù��.´®��. �#�êâf86\�, XJ�u)Vg¤£, Kq�êþØu)Cz, �f8�àa(J(Cp,W p)�dþ��I�S�àa(J(Cp−1,W p−1)�#¼�. àa`z8I¼ê½ÂXe:

M(W p, Cp) = E(W p, Cp) +D(Cp, Cp−1) . (4)Ù¥,

E(W p, Cp) =

|Sp|∑

i=1

kp∑

l=1

ωp
li‖x

p
i − cpl ‖

2
+ α−1

|Sp|∑

i=1

kp∑

l=1

ωp
li lnω

p
li . (5)

D(Cp, Cp−1) = β

|Sp|∑

i=1

kp∑

l

ωp
li

∥∥∥cpl − cp−1
l

∥∥∥
2

. (6)ù�8I¼êdü��¤, 3àa`zL§¥©Oå�ØÓ��^:

• 1��E(W p, Cp)^5Ýþ#I�¥êâf8�5�#�a(��.Vg£ã�k�5, Ù¥αǑ�u0 �~ê. #�àa�.d�I�¥êâf8�àa�.üz5, 3�u)Vg¤£��¹e, �±ÙqêþØC. e=�^ù���Ǒ8I¼ê, KòzǑ·�êâ8e����àa. Ǒd,·�\\1���Ǒé����ü�I�Sêâf8S3(�ëY5�L�.

• 1��D(Cp, Cp−1)^5Ýþ#àa�.Ú��I�¥àa�.m��É5, Ù¥ëêβ > 0^uN!8I¼ê��zL§¥1��¤Ó�. 3�ÑyVg¤£��¹e, ��I�¥�àa�.ATU���N#êâf8�S3(�, =a�.3üzL§¥�3ëY5. D(Cp, Cp−1)����, L²ü��.m��É��, ��I�¥�àa�.é#êâf8�a(�£ã�O(;D(Cp, Cp−1)����, `²�ü�êâf8�a(��m�É��,=Î�.Ø2·Üu£ã#êâf8�a(�, �UÑy
Vg¤£.òþãü�?1�Ü�ï#�`z8I¼ê,U
Ó��Äàa�.£ã�k�5Ú�.üz�ëY5, ·�ò#I�¥êâf8�àa¯K=zǑXe�`z¯K:

min
Wp,Cp

M(W p, Cp), ÷v ωp
l ∈ [0, 1] ,

kp∑
l=1

ωp
li = 1

0 <
N∑
i=1

ωli < |Sp|

. (7)éuù�`z¯K, �±�^EM�{S��).

E�ã: �½Cp = Ĉp, �)min
Wp

M
(
W p, Ĉp

)
. Ú\.�KF�fΛ = [λ1, λ2, . . . , λ|Sp|]

T , ��
G (W p,Λ) =

|Sp|∑
i=1

kp∑
l=1

ωp
li

∥∥∥xp
i −

⌢
c
p

l

∥∥∥
2

+ α−1
|Sp|∑
i=1

kp∑
l=1

ωp
li lnω

p
li + β

|Sp|∑
i=1

kp∑
l

ωp
li

∥∥∥⌢
c
p

l − cp−1
l

∥∥∥
2

+
|Sp|∑
i=1

λi

(
kp∑
l=1

ωp
li − 1

)

=
|Sp|∑
i=1

Gi (W
p, λi)

.

(8)Ù¥
Gi (W

p, λi) =

kp∑

l=1

ωp
li

∥∥∥xp
i −

⌢
c
p

l

∥∥∥
2

+ α−1
kp∑

l=1

ωp
li lnω

p
li + β

kp∑

l

ωp
li

∥∥∥⌢
c
p

l − cp−1
l

∥∥∥
2

+ λi

(
kp∑

l=1

ωp
li − 1

)
. (9)
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=ª(8)�`z¯K�©)Ǒ|Sp|�Õá�ª(9)L«�f`z¯K. - ∂
∂ω

p

li

Gi (W
p, λi) = 0, ��

ωp
li = exp

[
−α

(∥∥∥xp
i −

⌢
c
p

l

∥∥∥
2

+ β
∥∥∥⌢
c
p

l − cp−1
l

∥∥∥
2
)]

exp (−1− αλ) . (10)d�å^� kp∑
l=1

ωp
li = 1�

kp∑

l=1

exp

[
−α

(∥∥∥xp
i −

⌢
c
p

l

∥∥∥
2

+ β
∥∥∥⌢
c
p

l − cp−1
l

∥∥∥
2
)]

exp (−1− αλ) = 1 . (11)=
exp (−1− αλ) =

1
kp∑
l=1

exp

[
−α

(∥∥∥xp
i −

⌢
c
p

l

∥∥∥
2

+ β
∥∥∥⌢
c
p

l − cp−1
l

∥∥∥
2
)] . (12)òª(12)�£ª(10)�

ωp
li =

exp

[
−α

(∥∥∥xp
i −

⌢
c
p

l

∥∥∥
2

+ β
∥∥∥⌢
c
p

l − cp−1
l

∥∥∥
2
)]

kp∑
l=1

exp

[
−α

(∥∥∥xp
i −

⌢
c
p

l

∥∥∥
2

+ β
∥∥∥⌢
c
p

l − cp−1
l

∥∥∥
2
)] . (13)

M�ã: �½W p = Ŵ p, �)min
Cp

M
(
Ŵ p, Cp

)
. - ∂

∂c
p

l

M
(
Ŵ p, Cp

)
= 0, ��

cpl =

|Sp|∑
i=1

⌢
ω
p

li

(
xp
i + cp−1

l

)

(1 + β)
|Sp|∑
i=1

⌢
ω
p

li

. (14)�#êâf86\�,�±ÏLS�O�ª(13)Úª(14)¼�#f8�àa(J.�{��mE,ÝǑO (|Sp| kptp), Ù¥kpÚtp©OǑêâf8S
p�qy©êþÚ¼��`y©I��S�gê. 3éêâf8S

p�àa`zL§¥I�O (|Sp|+ |Sp| kp + 2kp)��;�m^u©O��êâf8S
p¥�é�, �
äáÝ
W p, ±9��ü�I�Sêâ�àa�.Cp−1ÚCp.

3.3 Vg¤£uÿÅ��#�êâf8�5�, Ǒ
�ä´Äu)Vg¤£, ·�I�é#Îàa�.m�üz�¹?1©Û. 3ª(7)�`z8Ie����`)Ó�÷vü�^�: 1�, àa�.Ué�êâf8?1k�£ã; 1�, �àa�.U�y���I�S�êâf8àa(���ZëY5. XJù��`�àa�.E,�{^u£ã�êâf8¥%¹�Vg, K`²êâ6df8S
p−1�f8S

püz�L§¥, Ùa(�u)
���Cz, Ñy
Vg¤£. Ïd, �±òª(4)���`)����Mopt (W
p, Cp)^uVg¤£uÿ. éuêâf8S

pó, �Mopt (W
p, Cp)´��.k�5ÚëY5Ó��`�àa(JéA�8I¼ê��, =4��, ù����N
�`àa(Jé�êâf8a(��£ãUå. �Ä�êâf85��KǑ, ·��½Vg¤£K�θ, 3¼�z��mI�S�êâf8�àa�.(W p, Cp)�, ÏL�äª(15)´Ä¤á5uÿ´ÄÑyVg¤£.

Mopt (W
p, Cp) / |Sp| > θ . (15)
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�uÿ�Vg¤£u)�, ·�I�é#�5�êâf8?1#àa, d�Tf8�àa`z¯KÒ=�¤·�êâ8�àa¯K, |^DÚ�����{?1àa=�.

3.4 �{oN6§ò©JÑ�àa`z¯K�)ÚVg¤£uÿÅ�?1�Ü,·���
êâ6�üzàa�{, ÙoN¢�6§Xe:�{ 1 êâ6üzàa�{
Require: X, α > 0, β > 0, θ > 0;

Ensure: àa�.{(

W 1, C1
)

,
(

W 2, C2
)

, · · · ,
(

WT , CT
)}§¤£uÿ(J{

M1,M2, · · · ,MT
}¶�©z: �Oêâf8S

1��©qêþk1, |^ª(2)Úª(3)O�àa�. (

W 1, C1
)

;

for p = 2 : T do

kp = kp−1;ÏLª(13)Úª(14)O� (W p, Cp);

Mopt = M(W p, Cp);

if Mopt/|Sp| > θ then#O�êâf8S
p�qêþkp;ÏLª(2)Úª(3)#O�àa�.(W p, Cp);

end if

end for�{¥ëêα, β, θ����6uäNêâ8�+��£, J±�½Ï^��`��. 3�¼�v
+��£��¹e, ���1/α = β, L«&E�Ú�. �¤Ó��Ó. M���±ÏL�X��mI�S�êâ?1ÿÁ, XJ�u)Vg¤£, ëY�mI�Sêâf8àa¼��M�A�'��C, Ïd, e,�I�S�M��'Ù�I���õ, K�|^T�(½θ ���.�{��mE,ÝǑO

(
T∑

p=1
|Sp| kptp

)
,�êâ6¥�é�êþÚqêþ�5�'. �#�êâf86\�, ·��±íØLÏêâ, �I���z�êâf8�àa�.Ú�wÄI�¥�êâé�. ù�, �{�²þ�mE,Ý�ü$�O

(
N/T +

T∑
p=1

kp

)
, Ù¥NǑêâ6¥é��oê. dd��, �©�{3éêâ6?1üzàa©Û�, Ù�mE,ÝÚ�mE,Ý�±��3�$Y².

4 �ý9(J©Û3�ý¢�¥, ·�|^3�êâ8é�©àa�{�k�5?1
�y, ¿��
yk�{?1
'�, �):CluStream[3], StreamKM[1], Denstream[12], ClusTree[13], StrAP[14]±9Entropy based

FCM[28]. Ù¥, CluStream�{�ëê�½Ǒ: �©z:êInitNumber = |Sp|, �qêþq = 10 × k,��>.ëêt = 2, ���'5IPδ = 300; StreamKM�{¥êâ¬5�M = |Sp|; DenStream �{¥ëê�½Ǒ: InitNumber = |Sp|, P~Ïfλ = 0.25, ���»K�ε = 16, \�K�µ = 10, l+K�β = 0.2; ClusTree�{¥ëê�½Ǒ: ��!:�¹�^8êǑM = 3, �!:�¹�^8êǑL = 1000, ¢#Ïfβ = 2; StrAP�{¥ëê�½Ǒ: �©z:êInitNumber = |Sp|, l+K�ε �Ǒ�©z�ãêâ:�²þål, 6�³��5�ǑM = 100, Page HinkleyÿÁK�Ǒλ = 0.01; En-

tropy based FCM�{¥\��êm = 2,Vg¤£K�eth = 0.25;�©�{¥ëê���¹Ǒ: α = 2,
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Figure 1 The distribution of the synthetic data stream

β = 1/2, θ=5. ¢��^�PC ��ǑIntel Core i7-4790 3.60G Hz?nìÚ8GBS�, Windows 7 ö�XÚ, �ý§SdMATLAB R2012b?�Ú$1.

4.1 �ý9(J©ÛǑ
é�{�Vg¤£uÿUåÚàak�5?1µd, 3�ý¢�¥·��^
1�<óêâ8Ú2�ý¢êâ8. <óêâ8deZÑlpd©Ù�:8±9�
�Å©Ù�D(:�Ó|¤,�O20000�êâP¹, Xã1¤«. ý¢êâ8©O�^
5gUCI KDD Archive�KDD-CUP’99êâ8ÚForest-CoverTypeêâ8. KDD-CUP’99êâ8��5uMIT��¢�¿���\�uÿµ��8, P¹
9±�mSTCP�äë�ÚXÚ"Oêâ, �ý�«ØÓ�^ra.!�ä6þÚ�Â�ã. ù
�©êâ�¹ü�Ü©: �5,000,000^ë�P¹�Ôö8Ú2,000,000^P¹�ÿÁ8.z�ë�P¹�¹42�á5, Ù¥34�ê�.á5, 1�á5Ǒa.IP. ù
ë�P¹�IPǑ�~£normal¤½É~£attack¤, Ù¥É~�¹q�¹4«�Âa.µDOS, R2L, U2R±9PROBING. aqu©z [10], ·�3�ý¢�¥�^
z^P¹�34�ê�.á5. Forest-CoverType êâ85uUS Geological Survey (USGS) ÚUS Forest Service(USFS)é uÛd4I[Ü��o¡Ǒ�«��*ÿ. êâ8¥�¹58,1012^P¹,ù
P¹�ª�©Ǒ7«a.. z^*ÿP¹�¹54�/�ÆÚ/nÆá5, Ù¥10�ê�.á5�^u�ý¢�.

4.2 êâ6àa°ÝµdǑ
é�«àa�{�°Ý?1µd, ·�Ú\
3�µd�I[29]: a) Accuracy(AC), b) Preci-

sion(PE), c)Recall(RE). éuêâ8X, -NL«êâ8¥�é�êþ, C = {C1, C2, · · ·Ck}L«,�àa�{���àa(J, P = {P1, P2, · · ·Pk′}L«X¥¢S�aOy©, Nij = |Ci ∩ Pj |L«y©CiÚPj¥ú�é��êþ, NiǑCi¥�é�êþ, NjǑPj¥�é�êþ. àa°Ýµd�I½ÂX
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Figure 2 Proposed algorithm on synthetic dataset: 4th sliding window. (a) S
1 ∪ S

2 ∪ · · ·S4; (b) Clustering in S
4e:

AC =
1

N

k∑

i=1

k′

max
j=1

Nij . (16)

PE =
1

k

k∑

i=1

k′

max
j=1

Nij

Ni

. (17)

RE =
1

k

k∑

i=1

k
max
j=1

Nij

Nj

. (18)

4.2.1 �Àzàa(J·�Äkò<Eêâ8©�Ǒ40�êâf8, z�f8d500���:�¤, ù
��:Ä�gØÓ�aO. Ǒù
f8©�k�^S, �[êâ6?\�mI��L§, z�f8éA���mI�. |^�©�{éêâ6?1àa©Û, ã2˜ ã5�Ñ
14�!18�!125�±9140�f8���êâ6��©Ù�¹9�wÄI�S�üzàa(J. ã2 w«
14�f8���êâ6¥���©Ù�¹(ã2a), ±9é14�f8?1àa�(J(ã2b). �±wÑ, �©�{U
���£OÑa(�. 3ã3¥, êâ6¥Ñy
#�a(3a), ��êâf8S�a(�u)
Cz, �©�{Uk�uÿù«Vg¤£, £O#�a(�(3b). 3125�wÄI�¥, f8S
25¥Ñy
#�êâ©Ùa.(4a),�ka(��.Ø2·^, �©�{U
k�uyù�Czª³, ÏLéI�S��?1àaïá#�a(��.(4b). ã5�Ñ
����wÄI�S�àa(�(ã5a), ±9��êâ6�àa(J(ã5b). AO´ÏLé'ã5b Úã1, �±wÑ©Ù3êâ�m¥�D(�é��£OÑ5.ã6±�
þã�ý¥�©�{3z�wÄI�¥¼��àa°Ý.dã��,3��êâ6�40�êâf8¥,�©�{¼��àa°Ý�N?u�pY²,�k3?n18�Ú125�êâf8�àa
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Figure 3 Proposed algorithm on synthetic dataset: 8th sliding window. (a) S
1 ∪ S

2 ∪ · · ·S8; (b) Clustering in S
8

−10 −5 0 5 10 15 20
−10

−5

0

5

10

15

20

−10 −5 0 5 10 15 20
−10

−5

0

5

10

15

20

ã 4 125�wÄI�¥�©�{�àa(J.

Figure 4 Proposed algorithm on synthetic dataset: 4th sliding window. (a) S
1 ∪ S

2 ∪ · · ·S25; (b) Clustering in S
25°Ýk�½§Ý�ü$, ù´ÏǑ3ùü�f8¥Ñy
#�àa(�, �
©ÙDÕ�é�3aOy©�N´É�D(KǑ.

4.2.2 àa°Ý'�3d, ·�©O|^<Eêâ8Úý¢êâ8é�«�{�àa°Ý?1
nÜ'�. L1�Ñ
ù
�{3<óêâ8þéwÄI�Sêâàa(J�²þàa°Ý, dù
(J�±wÑ, 3D(�Z6e, CluStreamÚStreamKM�{�àa°ÝÉ��½KǑ, ClusTree, StrAPÚDenStream�
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Figure 5 Proposed algorithm on synthetic dataset: 40th sliding window. (a) Clustering in S
40; (b) The overall clustering

results
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Figure 6 Clustering accuracy on each sliding window for the synthetic data set{ÏL�g�l+uÿüÑ�ØD(:, k|u�oêâ6¥�d3�q, �ù
�{éD(:��Ø´�3��, �
LÏ�{¤�qE��o, �k3�.ï�âé�q?1àaÜ¿, ���ØÜ¿�u), Ïdàa°ÝE,�{��÷¿�J. Entropy based FCM Ú�©�{|^�
äáÝÏLS�`z¼��Z�
y©, 3�½§Ýþ�f
D(KǑ. Ó�, �©�{¼�
�`�àa°Ý, ùÌ�´du��¡�{Ú\&E��å, �/¤�q(�äk�p���5, ,��¡òaOy©ÚVg¤£uÿKÜ3Ó�`z8I¥, k|u£O#�q(�.Ǒ
'��«�{3ý¢êâ8þ�àa°Ý, ·�lKDD-CUP’99ÚForest-CoverTypeü�êâ8¥©OÄ�8�êâf8,z�f8däkØÓaOI\�1000�é��¤,êâf8�äN�¤
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L 1 ØÓ�{3<Eêâ8þ�²þàa°Ý
Table 1 The results of different clustering methods on the synthetic data set

Index CluStream StreamKM DenStream ClusTree StrAP Entropy based Our algorithm

FCM

AC 0.8874 0.9085 0.9281 0.9182 0.9122 0.9285 0.9441

PE 0.8946 0.8924 0.9332 0.9116 0.9053 0.9306 0.9406

RE 0.9045 0.8938 0.9147 0.9269 0.9164 0.9298 0.9342L 2 êâf8�äN�¤�¹
Table 2 The construction of each subset sampled from real-world data

Category label Subset1 Subset2 Subset3 Subset4 Subset5 Subset6 Subset7 Subset8 Subset9 Subset10

Class1 200 100 100 400 300 300 500 200 300 300

Class2 200 100 200 200 300 100 100 100 400 200

Class3 200 200 300 100 200 300 200 400 100 200

Class4 200 300 100 100 100 200 100 200 100 100

Class5 200 300 300 200 100 100 100 100 100 200�¹XL2¤«,L¥�5�aOI\éuKDD-CUP’99êâ8´��~ë�G�ÚÉ~ë�G��4«�Âa.;éuForest-CoverTypeêâ8K´l7«Ü�CXa¥.À��5�aOI\. 3éù
f8?1àa�, ·�ÄkÀ�Ù¥��f8�Ǒ�I�(last window),¿b�Ùa©Ù�¹®�, lÙ{f8¥Ó6À����Ǒ�I�(new window), b�Ùa©Ù�¹��. ©O|^�«�{�â�I�¥�a©Ù�¹é#I�Sêâ?1àa, àa(J�²þ°ÝXL3ÚL4¤«. ÏL'���,�©�{3�I��ØÓa©Ù�¹e¼��#I�S�àa(J3°ÝÚ½5�¡Ñ`uÙ��{.?�Ú�, ·�dKDD-CUP’99ÚForest-CoverTypeêâ8©O�ÅÄ�êâ)¤10|êâ6, z|êâ6�20�wÄI�y©Ǒ�X�êâf8, z�êâf8äk�Åa(�©Ù. �êâf8�5�©OǑ1000, 3000Ú5000�,·�'�
A«àa�{3ù
êâ6þ�²þàa°Ý,'�(JXL5¤«. ù
(JL², �'Ù�êâ6àa�{, #�{�àa°ÝÚ½53ØÓºÝ�wÄI�þÑk¤Jp.

4.3 Vg¤£uÿ°Ýµd3éêâ6?1üzàa©Û�, UÄ9�O(�uÿêâ6¥Ñy�Vg¤£y�´µdàa�{��5U�I��, 3d·�|^KDD-CUP’99êâ8é�«êâ6àa�{�Vg¤£uÿ°Ý?1'�. |^wÄI�òêâ8y©¤�X�äk�Åa(�©Ù�êâf8, ©O-f8�5�Ǒ1000, 3000Ú5000±|¤ØÓ�êâ6. 3KDD-CUP’99êâ8¥, ¤k��äë��©Ǒ“�~”Ú“ É�Â”ü«a., ��äë�d�«a.=CǑ,�«a.�, Ò¿�XÑy
Vg¤£. �½��wÄI��, �±|^aOI\½ÂVg¤£, ·��ǑXJ��I�S�'þ��I�k�L10%�é�aOá5u)
Cz, L²ùü�I�mÑy
Vg¤£. ½Â�þDx =

[dx1, dx2, · · · , dxT ]P¹êâ6¥¢S�Vg¤£G�, Ù¥dxp = 1L«1p�wÄI�u)
Vg¤£, ÄKdxp = 0§1 < p < T . -Dx′ = [dx′
1, dx

′
2, · · · , dx

′
T ]L«ÏLVg¤£uÿÅ�¼���I�
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L 3 ØÓ�{3KDD-CUP’99êâ8þ¼��àa(J
Table 3 The clustering results of different algorithms on the KDD-CUP’99 data set

The last Index CluStream StreamKM DenStream ClusTree StrAP Entropy based Our algorithm

window FCM

AC 0.8525 0.8461 0.8733 0.8645 0.8856 0.8671 0.9133

Subset1 PE 0.8328 0.8547 0.8664 0.8629 0.8748 0.8563 0.9241

RE 0.8263 0.8484 0.8653 0.8454 0.8734 0.8514 0.9177

AC 0.8247 0.8236 0.8714 0.8475 0.8503 0.8570 0.9033

Subset2 PE 0.8016 0.8277 0.8553 0.8338 0.8480 0.8322 0.8947

RE 0.8172 0.8339 0.8628 0.8504 0.8331 0.8438 0.9035

AC 0.7277 0.7174 0.8326 0.8220 0.8464 0.8346 0.9066

Subset3 PE 0.7164 0.7452 0.8406 0.8347 0.8206 0.8421 0.9127

RE 0.7253 0.7283 0.8343 0.8392 0.8311 0.8384 0.8936

AC 0.8065 0.8159 0.8182 0.8166 0.8330 0.7092 0.9076

Subset4 PE 0.8272 0.8146 0.8253 0.8243 0.8265 0.6957 0.8918

RE 0.7943 0.8060 0.8207 0.8307 0.8223 0.7144 0.8960

AC 0.8166 0.8023 0.8346 0.8217 0.8356 0.8296 0.9012

Subset5 PE 0.8227 0.8275 0.8105 0.8255 0.8344 0.8376 0.9044

RE 0.8181 0.8282 0.8331 0.8274 0.8295 0.8339 0.9057

AC 0.6514 0.6918 0.8013 0.8244 0.8692 0.8135 0.9125

Subset6 PE 0.7022 0.6742 0.8252 0.8657 0.8506 0.8324 0.9073

RE 0.6758 0.7065 0.8546 0.8114 0.8342 0.8316 0.9088

AC 0.8123 0.7973 0.8103 0.8562 0.8801 0.7059 0.8942

Subset7 PE 0.8246 0.8055 0.8220 0.8666 0.8533 0.6993 0.8975

RE 0.8060 0.8076 0.8048 0.8445 0.8595 0.6985 0.9011

AC 0.7024 0.7262 0.8365 0.8571 0.8340 0.8146 0.9023

Subset8 PE 0.7156 0.7004 0.8254 0.8055 0.8172 0.8243 0.9102

RE 0.7007 0.6995 0.8332 0.8229 0.8108 0.8212 0.9088

AC 0.8317 0.8248 0.8766 0.8298 0.8007 0.7135 0.8964

Subset9 PE 0.8484 0.8127 0.8578 0.8554 0.8284 0.7267 0.9034

RE 0.8206 0.8557 0.8446 0.8204 0.8216 0.7091 0.8992

AC 0.8247 0.8236 0.8786 0.8714 0.9035 0.8442 0.9130

Subset10 PE 0.8016 0.8277 0.8895 0.8662 0.8976 0.8476 0.9226

RE 0.8172 0.8339 0.8842 0.8685 0.8866 0.8336 0.9114S�¤£�¹. 3dÚ\3��Iéêâ6àa�{�Vg¤£uÿ°Ý?1µd: O(Ý(precision,

PD), ð£Ç(recall, RD)±9 �ål(Euclidean distance, ED). ù
�I½ÂXe:

PD =
|{dxp == 1 ∧ dx′

p == 1, 1 6 p 6 T}|

|{dx′
p == 1, 1 6 p 6 T}|

. (19)

RD =
|{dxp == 1 ∧ dx′

p == 1, 1 6 p 6 T}|

|{dxp == 1, 1 6 p 6 T}|
. (20)
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L 4 ØÓ�{3Forest-CoverTypeêâ8þ¼��àa(J
Table 4 The clustering results of different algorithms on the Forest-CoverType data set

The last Index CluStream StreamKM DenStream ClusTree StrAP Entropy based Our algorithm

window FCM

AC 0.8642 0.8556 0.8703 0.8664 0.8684 0.8572 0.9025

Subset1 PE 0.8836 0.8541 0.8552 0.8358 0.8729 0.8660 0.9148

RE 0.8855 0.8632 0.8686 0.8451 0.8653 0.8534 0.9112

AC 0.8306 0.8381 0.8463 0.8774 0.8805 0.8348 0.8974

Subset2 PE 0.8577 0.8106 0.8331 0.8426 0.8430 0.8556 0.9025

RE 0.8742 0.8227 0.8276 0.8514 0.8442 0.8283 0.9011

AC 0.8246 0.8252 0.8264 0.8106 0.8546 0.8152 0.8940

Subset3 PE 0.7859 08411 0.8361 0.8368 0.8353 0.8364 0.8962

RE 0.8114 0.8243 0.8221 0.8005 0.8471 0.8377 0.9077

AC 0.7556 0.7431 0.8033 0.8332 0.8341 0.7621 0.9034

Subset4 PE 0.7187 0.7457 0.8216 0.8140 0.8218 0.7559 0.8973

RE 0.7228 0.7264 0.8113 0.8225 0.8115 0.7415 0.8864

AC 0.8341 0.8351 0.8678 0.8557 0.8641 0.8253 0.9112

Subset5 PE 0.8205 0.8146 0.8842 0.8622 0.8850 0.8411 0.8978

RE 0.8332 0.8334 0.8635 0.8787 0.8746 0.8127 0.8741

AC 0.8210 0.8314 0.8712 0.8746 0.8841 0.8304 0.9072

Subset6 PE 0.8452 0.8082 0.8736 0.8663 0.8734 0.8220 0.9115

RE 0.7966 0.8140 0.8559 0.8702 0.8833 0.7857 0.8996

AC 0.7159 0.6742 0.7936 0.8354 0.7884 0.7026 0.8831

Subset7 PE 0.6687 0.7018 0.8014 0.7944 0.8021 0.6775 0.9004

RE 0.6934 0.7229 0.7993 0.8326 0.7935 0.6812 0.8918

AC 0.8475 0.8417 0.8438 0.8559 0.8414 0.8361 0.9155

Subset8 PE 0.8352 0.8345 0.8330 0.8673 0.8378 0.8544 0.9037

RE 0.8068 0.8441 0.8541 0.8509 0.8558 0.8272 0.8977

AC 0.7463 0.7229 0.8245 0.7936 0.8267 0.7145 0.9011

Subset9 PE 0.7170 0.7552 0.8309 0.8177 0.8335 0.7433 0.9008

RE 0.6524 0.7018 0.8262 0.8006 0.8064 0.7706 0.8944

AC 0.8046 0.8213 0.8664 0.8265 0.8768 0.8391 0.9140

Subset10 PE 0.7559 0.8176 0.8413 0.8445 0.8712 0.8464 0.9039

RE 0.8211 0.8224 0.8476 0.8406 0.8553 0.8017 0.8988

ED =

√
‖Dx−Dx′‖

2
. (21)Ù¥�IPDÚRD5g©z [30], §�����L«Vg¤£iÿÅ��5U�`. ED^uO�êâ6�¢SVg¤£�¹Úàa�{uÿ��Vg¤£�¹m��É5, ED����L²uÿ��Vg¤£�¹��Cêâ6ý¢�¹. éêâ6y©�qêþ�ØÓ��, ��{éêâ6�Vg¤£uÿ(JXL6¤«. Äk��qêþǑk = 2, �êâI�S�f85�Ǒ1000 �, êâ6¥
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L 5 ØÓ�{3ý¢êâ/¤�êâ6þ¼��àa(J
Table 5 The clustering results of different algorithms on the data stream sampled from real-world data

Data set Subset size Index CluStream StreamKM DenStream ClusTree StrAP Entropy based Our algorithm

FCM

AC 0.8133 0.7956 0.8542 0.8401 0.8548 0.8174 0.8846

1000 PE 0.8250 0.8116 0.8557 0.8336 0.8631 0.8028 0.8933

RE 0.7143 0.7652 0.8361 0.8475 0.8442 0.7734 0.8641

AC 0.8362 0.8268 0.8630 0.8362 0.8652 0.8257 0.9013

KDD-CUP’99 3000 PE 0.8445 0.8413 0.8441 0.8573 0.8546 0.8556 0.9120

RE 0.8233 0.8030 0.8572 0.8442 0.8471 0.8393 0.9181

AC 0.7819 0.7647 0.8064 0.8774 0.8637 0.8186 0.8974

5000 PE 0.8176 0.8207 0.8144 0.8746 0.8822 0.8335 0.9063

RE 0.7484 0.7903 0.8132 0.8821 0.8506 0.7840 0.8848

AC 0.8362 0.8485 0.8342 0.8475 0.8646 0.8369 0.9042

1000 PE 0.8501 0.8339 0.8557 0.8395 0.8638 0.8552 0.9117

RE 0.7214 0.7864 0.8476 0.8477 0.8584 0.8004 0.8985

AC 0.8551 0.8530 0.8872 0.8662 0.8763 0.8464 0.9133

Forest-Cover 3000 PE 0.8468 0.8671 0.8805 0.8743 0.8671 0.8516 0.9253

Type RE 0.7704 0.8269 0.8623 0.8777 0.8796 0.8284 0.9070

AC 0.8436 0.8224 0.8401 0.8456 0.8862 0.8260 0.9176

5000 PE 0.8145 0.8345 0.8352 0.8379 0.8817 0.8411 0.9144

RE 0.7551 0.7988 0.8445 0.8443 0.8635 0.8164 0.9092k38�I�u)
Vg¤£, �©�{U
�(£OÑÙ¥�31�, Ó�ǑØ�
13�¢S�u)Vg¤£�I�, ÙED �?u�$Y². Ù{êâ6àa�{U
uÿÑÜ©u)Vg¤£�I�,Ó�Ǒ�3�õ�Ø�I�. ÏL'���, �©�{¼�
�`�Vg¤£uÿ°Ý. �êâI�S�êâf85�Ǒ3000Ú5000�, �©�{U
uÿÑ¤ký¢u)�Vg¤£, Ù��{E,�Uuÿ�Ü©u)Vg¤£�I�, �Xêâf85��O�ù
�{�ED�Åì~�. ÏL'�PD, EDÚRD�, �±wÑ3ù
I�5�e, �©�{�Vg¤£uÿ°Ý`uÙ��{. �qêþ©O�k = 5, 10, 20�, CluStream, StreamKM±9ClusTree�{E,�3�õ�Ø�I�,ùÌ�´duù
�{��q5��Cz�ǑuÿVg¤£�IO, ¯¢þ, 3éõ�¹eq5�u)Cz¿Ø�LÑy
Vg¤£. DenStream�StrAP�{ÏLl+:uÿüÑ¢yVg¤£uÿ,ÙVg¤£uÿ°Ý�'þã�{k¤Jp. Entropy based FCMÏLÝþ&E�����äêâ6´Äu)Vg¤£, �Ñ
��q5�?1uÿ�Û�5, �uÿ°Ýk¤Jp, �´ù��{��
êâ6üz�ëY5,éI�S�àa(J�Ǒ¯a,E,�3��êþ�Ø�I�. nÜ5w§3ØÓ�qêþÚf85��½e, �©�{Ñ¼�
�`�Vg¤£uÿ(J.

4.4 �{O�þ©Û�!é�«�{�$1�m?1
'�, ù
àa�{�$1�mÌ��)2�Ü©: �EÚ�#q(�s¤��m,±9Ǒ�é�©�aOI\s¤��m. ~X,3CluStream�{¥,$1�mÌ�^u3��àa(micro-clustering)Úl�÷àa(macro-clustering)ü�Ü©; 3StreamKM�{¥, $
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L 6 ØÓ�{3KDD-CUP’99 êâ6þ�Vg¤£uÿ(J
Table 6 The results of different methods for drifting detection on the KDD-CUP’99 data stream

Number of Window size Index CluStream StreamKM DenStream ClusTree StrAP Entropy based Our

Clusters FCM algorithm

PD 20/62 19/53 25/45 24/50 29/48 21/47 31/44

1000 RD 20/38 19/38 25/38 24/38 29/38 21/38 31/38

ED 7.7460 7.2801 5.7446 6.3246 5.2915 6.5574 4.4721

PD 17/50 15/36 20/41 19/40 20/38 18/33 25/31

k=2 3000 RD 17/25 15/25 20/25 19/25 20/25 18/25 25/25

ED 6.4031 5.5678 5.0990 5.1962 4.7958 4.6904 2.4495

PD 12/35 13/33 14/28 14/29 14/32 13/28 18/26

5000 RD 12/18 13/18 14/18 13/18 14/18 13/18 18/18

ED 5.3852 5.0000 4.2426 4.4721 4.6904 4.4721 2.6458

PD 18/55 16/50 26/51 20/48 19/45 18/44 30/39

1000 RD 18/38 16/38 26/38 20/38 19/38 18/38 30/38

ED 7.5498 7.4833 6.0828 6.7823 6.7082 6.7823 4.1231

PD 16/45 15/38 17/32 16/40 20/39 16/30 23/29

k=5 3000 RD 16/25 15/25 17/25 16/25 20/25 16/25 23/25

ED 6.1644 5.7446 4.7958 4.7958 4.8990 4.7958 3.0000

PD 11/33 12/32 11/24 13/24 12/27 13/26 18/20

5000 RD 11/18 12/18 11/18 13/18 12/18 13/18 18/18

ED 5.3852 5.0990 4.4721 4.0000 4.5826 4.2426 1.4142

PD 18/52 15/48 22/46 20/50 18/47 20/43 30/37

1000 RD 18/38 15/38 22/38 20/38 18/38 20/38 30/38

ED 7.3485 7.4833 6.2450 6.9282 7.0000 6.4031 2.8284

PD 16/42 13/35 18/37 16/35 20/32 15/30 21/29

k=10 3000 RD 16/25 13/25 18/25 16/25 20/25 15/25 21/25

ED 5.9161 4.9000 5.0990 5.2915 4.1231 5.0000 3.4641

PD 11/27 11/26 12/25 12/26 14/27 11/25 17/20

5000 RD 11/18 11/18 12/18 12/18 14/18 11/18 17/18

ED 4.7958 4.6904 4.3589 4.4721 4.1231 4.5826. 2.0000

PD 16/53 15/43 18/47 16/44 20/46 18/36 29/35

1000 RD 16/38 15/38 18/38 16/38 20/38 18/38 29/38

ED 7.6811 7.1414 7.0000 7.0711 6.6332 6.1644 3.8730

PD 12/48 14/44 15/36 17/35 18/38 16/33 23/27

k=20 3000 RD 12/25 14/25 15/25 17/25 18/25 16/25 23/25

ED 7.0000 6.4031 5.5678 5.0990 5.1962 5.0990 2.4495

PD 13/45 13/38 14/26 13/30 14/24 14/27 16/20

5000 RD 13/18 13/18 14/18 13/18 14/18 14/18 16/18

ED 6.0828 5.4772 4.0000 4.6904 3.7417 4.1231 2.4495
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1�mÌ�^uü�Ü©: 1�gH{êâ6��)A½êþ�q¥%, ±91�gH{êâ6�ò�é�8\�A�q; 3StrAPÚDenStream�{¥, $��mÌ�^uïá�©q±9ò#�êâ�©���Aq¥½�½Ǒl+:; 3Entropy based FCMÚ�©�{¥, $1�mÌ�^uS�O�½�#q¥%,±9¼��é�éq�äáÝ.·�|^KDD-CUP’99êâ8)¤êâ6,b�êâ6�z�wÄI�S�¹1000�é�, ¿|^ù
àa�{?1?n. z��{E$110g, �Ù²þ$1�m�Ǒ�ª(J, '�(JXã7¤«. 3�{�'ëê�½��¹e, �{�$1�m�êâ65�±9y©�qêþ�'. ã7(a)�Ñ
k=2���{3ØÓ5�êâ6þ�$1�m. ã7(b)�Ñ
êâ65�ǑN=100,000���{éAØÓqy©êþ�$1�m. dã��, �Xêâ6¥é�oê½qêþ�O\, ù
�{�$1�m¥yÑþ,ª³, �3�Ó^�e�©�{�$1�m²w$uÙ��{. CluStream, StreamKMÚEntropy based FCM�{3wÄI��¸eI�3z�#é��5��;�g¯ì, òÙ�Ǒ��wÄI�?1?n, ù�5
�þ�	O��d, �Entropy

based FCM�{I�3z�wÄI�¥S�O�q¥%ÚäáÝ�)��O�þ, s¤�$1�m��: StrAPÚDenStream�{�l+:uÿÅ�U3q���ØÜ©LÏ&E,�½§Ýþü$
O�þ, �du�3��Ø3?nL§¥E,��
��êþ�LÏ{¤êâ�, ��Ü©O�℄�L¤; ClusTree�{|^�gä(��oêâ6Á�&E, ÏL{'p��g·A¢ÚÅ�òO�þ�±3�$Y²; �©�{|^wÄI�òêâ6y©Ǒ�X�f8, �éz�#I�¥�êâf8?1S�?n, ¤I$1�m��.

(a) (b)ã 7 ØÓàa�{�$1�m.

Execution times of different clustering algorithms. (a) Execution times of clustering algorithms with

different data stream sizes; (b) Execution times of clustering algorithms with different cluster numbers

4.5 �;�mÓ^©Û·��|^KDD-CUP’99êâ8éA«�{$1�Ó^��;�m?1
'�,'�(JXã8¤«. ã8(a)�Ñ
qy©êþk=2 ���{éØÓ5��êâ6?1àa�¤Ó�;�m, ã8(b)�Ñ
êâ65�ǑN=100,000�ØÓqêþ�½e��{¤Ó�;�m. �±wÑ, 3ØÓ^�e�©�{$1��^��;�m��, ¿�éêâ65�Úqêþ�CzØ¯a, ù��u�{�I�
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��z�wÄI�¥�àa�.Ú�wÄI�¥�êâé�,=�{¤I�;�mÌ��wÄI�¥êâf8�5��'.

(a) (b)ã 8 ØÓàa�{Ó^��;�m.

Memory usages of different clustering algorithms. (a) Memory usages of clustering algorithms with

different data stream sizes; (b) Memory usages of clustering algorithms with different cluster numbers.

5 (Ø�©JÑ
�«êâ6üzàa�{, T�{Äu���g�ïáàa¯K�`z�., Ó��	#�wÄI�¥àa�k�5±9I�màa�.��É,¿3`z�.¼��`)��¹e?1Vg¤£uÿ. ù��{Uk�£ãêâS3(�AÆ, �±wÄI�màa�.�ëY5, ±9;�k�5�$�àa(JéVg¤£uÿ�)ØûKǑ. 3¢�©Û¥, ·�|^<Eêâ8Úý¢êâ8é#�{�5U?1
�¡�ÿÁÚ©Û, ¢�(JL²T�{3àa°Ý!Vg¤£uÿ°Ý±9O��;�Ç��¡äkwÍ`³. Ó�A�5¿�´, T�{E,�3�
¯KI�)û,~X, q¥%ÚäáÝ�S��#L§�)�½O�þ, �±}ÁÏLêâØ ½Ä��{?�Úü$ÙO�þ. d	, �©�{Äu���àa, �Ǒ�«aK-means�{, Ùàa5UN´É�q©Ù/G�KǑ.Ǒ)ûù�¯K, e�Ú·�ò}Áòàa`z�.g�^uÙ�àa�{, ~X|±�þàaÚãàa���5àa�{.ë�©z
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mization model
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Abstract An optimization model based on the fuzzy maximum entropy method is proposed in this paper for

the data stream evolving clustering problem. In the model, the fuzziness and effectiveness of cluster partition

are described by fuzzy membership and information entropy respectively, based on what, the optimization object

function is defined. In the sliding window, the clustering processing of data subset is construed as a optimiza-

tion problem. In this way, the inner structural feature can be depicted effectively, and the continuity between

contiguous windows is preserved simultaneously. The solution of the optimization problem is used as the basis

of concept drift detection, as a result, the validity of detection result is guaranteed, and the variation trend of

cluster structure can be easily captured. In the simulation, some artificial and real datasets are used to verify the

performance of the proposed method, and some existing evolving clustering algorithms are introduced to compare

with our algorithm for the testing purposes. The simulation results demonstrate the validity of the developed

algorithm. Under the same conditions, the new method is superior to other clustering algorithms with respect to

the accuracy of clustering and concept drift detection, as well as it saves the computational efforts and memory

usages effectively.

Keywords data stream evolving clustering optimization model fuzzy membership information entropy
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