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Euler Kernel-based Data Stream Clustering Algorithm
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Abstract With the advance of both cloud computing and internet of things, many applications generate huge amounts of
data streams at fast speed. Examples include real-time surveillance systems, vehicle traffic monitoring systems,electrici-
ty consumption recording,and network traffic monitoring. Data stream mining has become a hot research topic. Its goal
is to extract hidden knowledge/patterns from continuous data streams. Clustering,one of the most important problems
in stream mining,has been highly explored. Different from traditional data clustering algorithm where given datasets are
generally static and can be repeatedly read and processed,clustering data streams face more challenges due to having to
satisfy such constraints as bounded memory, single-pass, real-time response and concept-drift detection. This paper pre-
sented a new clustering algorithm for data streams, called EG-Stream, by combining the Euler kernel method with the
Growing Neural Gas(GNG) model. It can not only maintain the benefit of nonlinear modeling using kernel function,but
also significantly solve the large scale computational problem in kernel-based clustering. Euler kernel is relying on a
nonlinear and robust cosine metric that is less sensitive to outliers. More important,it intrinsically induces an empirical
map which maps data onto a complex space of the same dimension,and it takes these advantages to measure the similari-
ty between data in a robust way without increasing the dimensionality of data, which avoids the problem that other ker-
nel clustering algorithms can not deal with data streams. Although this method is embarrassingly simple just by incor-
porating the Euler kernel into GNG, the experimental results on variety of UCI datasets indicate that this method can
still achieve comparable or even better performance than G-Stream algorithm, and identify the structural information
from stream data.

Keywords GNG,Data stream clustering, Euler kernel, Kernel method
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Table 1 Comparison of various data stream clustering algorithms
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I HZ AN FoR A

3)Rand Index(RID)"?
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1 US Forest Service (USFS) *f{i T Roosevelt HZK FRHRAY 4
J T B DI AU . OHE AR AL 581012 ARIC SR, X LT SR
Fe b ol 7 FhIETY L B AW G SR AT B 54 A ML i 3
#J@& M . ACT(The Daily and Sports Activities Data Set) 5%
AT 45 MMEIRARTE S5min L 25 Hz B9 RAESAR WAL T 19
TS B RO . A T AR AR ROIE A L 4 K 1 min RS s (1
TG 3 B b 2 — AR AR S5 3R A5 8] T R/l 760 % 67 500
(ACTD FI 9120 * 5625 (ACT2) B9 s 5 B .

x 2 HiEsE
Table 2 Datasets
% Fr HAE R 4 EXIE S

Ds122] 9153 2 14
letter4 2] 9344 2 7
Sea' 22! 60000 3 2
HyperPlan" 100000 10 5
KddCup99?’ 494021 41 23
CoverType®’ 581012 54 7
ACT2Y 9120 5625 19
ACT1 760 67500 19

WMEL 1 iR, EG-Stream BIE T EIRE LS, £ &
0 ey se0 B A1 s Ao | windows | (B B HT T EEAR B0 1 | re
servoir | CEMIXFEARANED . Hob, frg R E M agenn =
250 I AR 1 5 KABD) s wei ght o, = 2 CRUZS TE4T 25 UM 149 2 /1N
{ED I H A 4l A BT 2 A 80 NoNodesInserted =3, HiAih
SHNBEE I 3 o,

*3 SHkHE

Table 3 Setting of parameter
Datasets €, €, B Al A2 |windows| | reservoir|

DS1 0.01 0.001 300 0.4 0.4 600 400
letterd 0.01 0.001 300 0.4 0.4 600 400
Sea 0.01 0.001 400 0.2 0.2 1000 300
HyperPlan 0.01 0.001 300 0.2 0.2 600 550
KddCup99  0.01 0.001 300 0.2 0.2 600 400
CoverType 0.01 0.001 300 0.2 0.2 600 400
ACT2 0.01 0.001 300 0.2 0.2 600 400
ACT1 0.01 0.001 60 0.2 0.2 60 50

5.3 REBEMLER

ARG R BR A BT X LS . S, B
BB HIET 20 DMEEA H BE ML E I 2 A 15 o 0 4R 16 A B 22 T 45
HOE S 10 YWOFCF AR N REEER, A Acc,
NMI A1 RS $§ A5 %8 5246 HE AT P17, RENE L INR 4 — K 6
Fig . FILAE H BRAL A6 EG-Stream 9 525 M B 35 08 T 9F
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Stream 2T+ T 2% B PERE B E T BRI AZ B9 A 5k Table 5 Comparison results of EG-Stream and G-Stream in terms

K145 T G-Stream Fl EG-Stream B % 1) 38 24 Ji£ 1 of NMI
N N PRI ¥ N o Datasets G-Strea EG-Stream
LB 7 P L . — BRI B0 U T B 0 TRt e = = T S
; ; feos oy 10—t . .
e B3R BB 1 b TR U 94 BT 11T B Wi )= PR s LT =000
. N _ . 0.6410+1.1683 % 10"
(i sy soeesxy) s Ho i<lj,x, Tom i BEZIBIRAIREAS . 7624 letterd 0.6255+1.3868 x 10" («=0.0003)
% =7
ﬁﬁEﬂLZ'J t. s EG-Stream {Xﬂ\}ﬁfﬁjﬁﬂg w MHEA, B W[[L - Sea 0.1374-+5.0889 %10 7 0.1381+6.1428 * 10

wt1.t. ], F1H, B FR Training Epoch Number 378 1 3

HyperPlan  0.0177+49.1363 % 10 *

B B, AT LA B2 O 5 B 1 5 B L EG-Stream 74 51
A - - KddCup99  0.6656+4.5222%10 *

Tt G-Stream B AFIRGEE . & 2 45 W T B9 A 550k I 5 W 3h
CoverType  0.1222+4.6306 %10 °

W H AR R T AR B3 Al T PIRPSE IE E E

shea 02215 2] 19 RMS 1% 22 . EG-Stream & 15 (115 22 5 4 % ACT2 0.609344.0498 %100

o

(a=0.002)

.0183+2.0142% 1077

o

(a=0.02)

.6857+9.8330% 10 ¢

o

(a=0.0001)

.1291+1.2616% 10 °

o

(a=0.001)

.6104+4.2298 % 10 °

(a=0.0001)
~ = N —4
=2 N o N — 0.5808+5.4523 % 10
F G-Stream [ %22 ACT1 0.5664+2.6178 %10 °
(a=0.001)
2 4  G-Stream fil EG-Stream 76 A [ EHE M i Ace Ho#s .
. i ) 26 G-Stream fl EG-Stream 7EA R84 F i RI L
Table 4 Comparison results of EG-Stream and G-Stream in . . ) . .
Table 6 Comparison results of EG-Stream and G-Stream in
terms of Acc
terms of RI
Datasets G-Stream EG-Stream
=2 Datasets G-Stream EG-Stream
DSl 0.9660-3.5871 % 10" 0.9680+1.0456 * 10 0.9729+3.8123 % 100
= . S.0 * . .
(a=0.0001) DS1 0.9720+7.4450 % 106
0.9868+1.1194 %10 * (a”0.0001)
* -6
letter4 0.97594+2.6119 % 10 * . - letterd —_ 0.8194+8.5060 = 10
: : — : 0.8154+9.0060 * 10
(a=0.0003) i 5 (@=0.0003)
s 0.8389+4.4716 %10~ . +8. %107°
Sea 0.838343.1955 %10 ° Sea 0.4707 +1.3053 % 108 0.4707+8.5831* 10
(a=0.002) (a=0.002)
%1078 0.7043+2.9010 % 1078
HyperPlan  0.4222+46.6754 % 10 © 0.4233+2.6593 » 10 HyperPlan  0.7043+3.6652% 10 °
’ ’ (a=0.02) (a=0.02)
- 0.8601+0.0019
. . 0.9816+2.6865* 10°° . 9 0.060170. 0019
KddCup99 0. 9814-1.5916 % 10-° s KddCup99 0.8375-+0.0015 P
-8
. . , s 0.6012+4.7396 10 CoverType  0.6225-6.5539 x 10~ 0.6226+4. 0416 10
CoverType  0.5800+6.6396 % 10 j— sPesv by (a=0.001)
-7
0.6714+1.5640 % 104 ACT?2 . 7 0.9484+4.2011%10
- - 1 ) 0.9482+3.4593 % 10
ACT2 0.6691+1.5517 * 10 o 000D 7 (a=0.0001)
0.9134+1.8685 10~ *
ACTI1 0.47244+0.0013 0.4964+0.0017 ACTI1 0.9082+2.8901 % 10 *
(a=0.001) (a=0.001)
043 0.70
065
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Fig. 1 Comparison of accuracy for G-Stream and EG-Stream
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Fig. 3 RMS error for G-Stream and EG-Stream
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XEWE MATHMFEAR GBTF T M AR sk T,
HETXWMABEE D, KT XFEHILI M/QU),
RI—RIFIMTEZELNR 0%, 25%, 50%, 75% B EG-
Stream HIEAIRIELGE R, NE 7P EL . MEESLH
BN REHE BE Ace T 38 5, 48 U2 EG-Stream B L 7E KB
P54 Kddeup99 Fl CoverType FEYEMILHIH R, £8—%9
HEMMZER,
F7 O WHEOES MU )E G-Stream 55 M EG-Stream B3k
iy Ace Ho B
Table 7 Acc of G-Stream and EG-Stream while changing the

overlap percentage of sliding windows

Datasets 0 25% 50% 75%
DSl G-Stream 0.9659 0.9500 0.9795 0.9657
EG-Stream(a=0.0001) 0.9786 0.9761 0.9804 0.9839
G-Stream 0.9480 0.9233 0.9860 0.9866
letterd
EG-Stream(a=0.0003) 0.9893 0.9614 0.9903 0.9967
S G-Stream 0.8416 0.8398 0.8364 0.8374
ea

EG-Stream(a=0. 002) 0.8389 0.8388 0.8373 0.8413
G-Stream 0.4258 0.4254 0.4230 0.4302

HyperPlan
EG-Stream(a=0.02) 0.4213 0.4197 0.4241 0.4333
G-Stream 0.9821 0.9821 0.9851 0.9827

KddCup99
EG-Stream(a=0.0001) 0.9825 0.9852 0.9859 0.9838
G-Stream 0.5824 0.5698 0.5664 0.5833

CoverType
EG-Stream(a=0. 001) 0.5995 0.5908 0.6005 0.5906
G-Stream 0.6817 0.6948 0.7155 0.6328

ACT2

EG-Stream(a=0.0001) 0.6764 0.6948 0.7152 0.6328
ACTI G-Stream 0.4592 0.5434 0.5816 0.5289
. EG-Stream(a=0.001) 0.4816 0.5816 0.5805 0.5276

£8 WHEHOESHNZEG G-Stream 532 Al EG-Stream 53 1Y

NMI L3
Table 8 NMI of G-Stream and EG-Stream while changing the
overlap percentage of sliding windows
Datasets 0 25% 50 % 75%
DSl G-Stream 0.8187 0.8067 0.8026 0.8002
) EG-Stream(a=0.0001) 0.8193 0.8301 0.8093 0.7979
G-Stream 0.6041 0.6063 0.6381 0.5953
letterd
EG-Stream(a=0.0003) 0.6354 0.6414 0.6226 0.5963
S G-Stream 0.1361 0.1375 0.1354 0.1372
ca
EG-Stream(a=0. 002) 0.1369 0.1388 0.1360 0.1377
G-Stream 0.0199 0.0190 0.0172 0.0205
HyperPlan
EG-Stream(a=0.02) 0.0190 0.0177 0.0173 0.0209
G-Stream 0.6747 0.6979 0.6605 0.6482
KddCup99
EG-Stream(«¢=0.0001) 0.6579 0.7198 0.6860 0.7149
G-Stream 0.1230 0.1157 0.1153 0.1161
CoverType
EG-Stream(a=0. 001) 0.1299 0.1247 0.1267 0.1297
G-Stream 0.6152 0.6084 0.6185 0.5796
ACT2
EG-Stream(a=0.0001) 0.6148 0.6084 0.6182 0.5796
ACTI G-Stream 0.5651 0.6060 0.6215 0.6023
o EG-Stream(a=0.001) 0.5695 0.6217 0.6307 0.6066

#9 WIHHEOESLHE)SG G-Stream B ¥ fl EG-Stream . 3=
M RI L3
Table 9 RI of G-Stream and EG-Stream while changing the overlap

percentage of sliding windows

Datasets 0 25%  50% 75%
DS1 G-Stream 0.9708 0.9700 0.9673 0.9677
i EG-Stream(e¢=0.0001) 0.9701 0.9716 0.9695 0.9681
G-Stream 0.8112 0.8128 0.8202 0.8091
letterd
EG-Stream(a=0.0003) 0.8160 0.8273 0.8142 0.8091
S G-Stream 0.4703 0.4707 0.4706 0.4705
ca
EG-Stream(a=0.002) 0.4705 0.4707 0.4704 0.4706
G-Stream 0.7042 0.7042 0.7044 0.7043
HyperPlan
EG-Stream(a=0.02) 0.7045 0.7040 0.7042 0.7043
G-Stream 0.8331 0.8597 0.8327 0.8265
KddCup99
EG-Stream(a=0.0001) 0.8277 0.8629 0.8404 0.8620
G-Stream 0.6225 0.6218 0.6223 0.6224
CoverType
EG-Stream(a=0.001) 0.6226 0.6219 0.6220 0.6219
ACT2 G-Stream 0.9490 0.9488 0.9493 0.9410
. EG-Stream(e¢=0.0001) 0.9486 0.9488 0.9493 0.9410
G-Stream 0.9179 0.9338 0.9380 0.9191
ACTI1
EG-Stream(a=0. 001) 0.9097 0.9367 0.9371 0.9195
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Fig.4 Evolution of graph creation of EG-Stream on DS1
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