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Abstract High dimensional data streams emerge ubiquitously in many real-world applications such as
network monitoring. Clustering such data streams differs from traditional data clustering algorithm where the
given datasets are generally static and can be read and processed repeatedly, thus facing more challenges due
to having to satisfy such constraints as bounded memory, single-pass, real-time response and concept-drift
detection. Recently many methods of such type have been proposed. However, when dealing with high
dimensional data, they often result in high computational cost and poor performance due to the curse of
dimensionality. To address the above problem, in this paper we present a new clustering algorithm for data
streams, called RPFART, by combining the random projection method with the adaptive resonance theory
(ART) model that has linear computational complexity, uses a single parameter, i.e., the vigilance parameter
to identify data clusters, and is robust to modest parameters setting. To gain insights into the performance
improvement obtained by our algorithm, we analyze and identify the major influence of random projection on
ART. Although our method is embarrassingly simple just by incorporating the random projection into ART,
the experimental results on variety of benchmark datasets indicate that our method can still achieve
comparable or even better performance than RPGStream algorithm even if the raw dimension is compressed

up to 10% of the original one. For ACT1 dataset, its dimension is reduced from 67 500 to 6 750.
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Table 1 Comparison of Various Data Stream Clustering Algorithms

1
Algorithm Base Algorithm  Online  Adaptive Cluster Number ~ Topology ~ Detect Concept Drift High-Dimensional
STREAMC!] k-medians N X X X X
CluStream!!'!! BIRCH X N X N X
HPStream!] BIRCH X N X N v/
SWClustering!'?] BIRCH X N X N X
E-Stream! 1] BIRCH X J X J X
REPSTREAMC! CHAMELEON J N X N X
DenStream! 6 DBSCAN X N X N X
ACSCI7] DBSCAN J J X J X
OPTICS-Stream"!¢ OPTICS X N X N X
incPre-Deconl 9! PreDecon N < X X N
D-Stream! 20 DENCLUE X J X J X
MR-Stream 2! STING X N X N X
Cell Treel?2! STING X N X N X
SWEM!2 EM J J X J %
GCPSOM_21] SOM J N J N X
G-Stream! 2’ GNG J N N N X
RPGStream! ] GNG J J J J J
2 D ,2+e k- . [35-36]
Leresl , JL (Johnson-Lindenstrauss)
2) T Ond X [loge* ]
’ ’ (9+¢)
2 d . n S
(data-dependent) (data-independent). , [37] SLC  ALC
(principal component analysis, ( minimum spanning tree,
PCA) ’ MST) : [38]
, . (random ) [39-41]
projection) s
’ (n d ),
’ ’ RPFART.
: : : ART [
’ ’ ART , 1
K -Means , ART
) RPFART
. [33] , RPFART
K -Means ; [34] .
n d ( A= 10% , RPFART
R") t=0(kle®) ) RPGStream . ACTI1

e€0.1/3).  Ond X [e*k[log(d)]) ’ 67500 6 750.
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1 ART

D (input vector). I=ux;

F1 , x,=(x!,xi, 29,20 €
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, d
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+1, 1/2,

rij:{*l, 1/2; 0
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1
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Jd.

E )
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(9 . JL (k)
d. 1 .
R.
0,
, [41]
20, XeR" n d
(X,:X,.:.X,).8 X
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@ http://www.cse.fau.edu/ ~xqzhu/stream.html
@ http://archive.ics.uci.edu/ml/datasets/ KDD-+ Cup+1999+ Data

@ https://archive.ics.uci.edu/ml/datasets/Covertype
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W={w, sw,., sw. s }.
@) 1
® for each x;
@ y:=x:XR;
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® end for
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@ http://archive.ics.uci.edu/ml/datasets/Daily+ and+ Sports—+ Activities
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RPGStream
Intel Core i5
8 GB , Windows 10
MATLAB R2015a

b

1. 1) accuracy (purity); 2) NMI

(normalized mutual information) ;3)RI (rand index).

1) Accuracy(Purity)

ACC:i ¢ X 100% (10
K~ |C, ’
,K L CY i
JC i . ,
Accuracy , Accuracy
0~1
2) NMI (normalized mutual information)
NMI 2
NMI 1.0.
A={A,, Ay, A}
B={B,,B;,,B,}. C C;
A, .NMI
NMI(A,B) =
Cyx Cp
—2>1>7C;log(C;N/C,.C )
e = . (D
D1C 1og(C/N) + D7C ;log(C,/N)
i=1 j=1
Ca(Cy) A .C.(C,H C
i c g ), N

3) RI(rand index)

RI nX(n—1)/2 , n
,P,.P, 2 s
(x;sx;) P,,P, ,
Moo (x;s2;) LRI
ny g
RI= o az
(12) RIe<[0,1], P, P,
RI=1.
3.2
RPFART
s , 2
Table 2 Statistics of Five Datasets
2
Data Set # Samples # Features # Classes
HyperPlan® 100000 10 5
KddCup99® 494021 41 23
CoverType® 581012 54 7
ACT29 9120 5625 19
ACT1 760 67500 19
HyperPlan .HyperPlan
) 5 10
) 5 .KddCup99, CoverType
ACT UCI KddCup99
MIT )
9 TCP )
50
41 , 1
22 23 .CoverType
US Geological Survey (USGS) US
Forest Service (USFS) Roosevelt
581012
’ 7 .
54 .ACT(The Daily and
Sports Activities Data Set) 45
5 min 25Hz 19
. lmin 55
> 760 X
67500(ACT1) 9120X5625(ACT2)

1 . RPFART

0 r.RPGStream e, =0.01,
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e, =0.001.,8=300(ACT1  30).1,=0.2.1,=0.2, , KddCup99 ,r=90%
| windows | =600(ACT1 60) . | reservoir | =400 54 X0.9=48.
(ACT1 50) . agemax = 250 ( 3~5 : 1) RPFART
) sweightmin = 2( ), , RPGStream
NbNodesInserted =3. , NMI Rand
3.3 RPGStream.2)RPFART  HyperPlan  ACT?2
RPFART , RPGStream.3)
RPGStream 5 7, r=10%,RPFART ACT1
10 3~95 r
Table 3 The Comparison Results of RPFART and RPGStream in Terms of Accuracy
3 RPFART(RPF) RPGStream(RPG) Accuracy
Rate /%
Datasets Algorithms
90 70 50 30 10
RPF 0.368 140.0000 0.370940.0000 0.389740.0000 0.383940.0000 0.385640.0000
HyperPlan
RPG 0.42431+0.0000 0.4058+0.0000 0.40851+0.0000 0.396130.0000 0.394940.0000
RPF 0.982610.0000 0.9810%£0.0000 0.978240.0000 0.980240.0000 0.976810.0000
KddCup99
RPG 0.981940.0000 0.979540.0000 0.977540.0000 0.979340.0000 0.976 740.000 0
. n RPF 0.5395%0.0000 0.5435£0.0000 0.5590%0.0000 0.5803%0.0000 0.5758=20.0000
Covertype RPG 0.521340.0000 0.521340.0000 0.520340.0000 0.522540.0000 0.525340.0000
i RPF 0.556 94-0.000 2 0.537640.0002 0.5320740.000 2 0.547 340,000 2 0.55184-0.000 2
Act RPG 0.654110.0002 0.6536£0.0003 0.659130.0002 0.65810.000 4 0.6475%0.0003
. RPF 0.83294+0.0003 0.8197+0.0003 0.826310.0005 0.82374+0.0003 0.809240.0003
Act RPG 0.520340.0005 0.515140.0002 0.516 74+0.0007 0.520440.0004 0.499640.0017

Note: The best results are shown in bold.

Table 4 The Comparison Results of RPFART and RPGStream in Terms of NMI

4 RPFART(RPF) RPGStream(RPG) NMI
Rate /%
Datasets Algorithms
90 70 50 30 10
RPF 0.666730.0000 0.4570%0.0000 0.343540.0000 0.1623%0.0000 0.0065=30.0000
HyperPlan
RPG 0.018 140.0000 0.010840.0000 0.013840.0000 0.006 240.0000 0.006 440.000 0
RPF 0.7726%0.000 3 0.7411£0.000 4 0.7510%0.0003 0.705940.0003 0.6925+0.0003
KddCup99
RPG 0.646 740.000 3 0.642740.0004 0.646 440.000 2 0.63764-0.0003 0.629340.0005
RPF 0.353940.0000 0.3430£0.0000 0.245720.0000 0.16360.0000 0.161130.0000
CoverType
RPG 0.093440.0000 0.093540.0000 0.092840.0000 0.095540.000 1 0.091040.000 2
RPF 0.7353%+0.0000 0.7207£0.0000 0.7403%0.0000 0.73281+0.0000 0.727020.000 0
ACT?2
RPG 0.599740.0000 0.595940.0000 0.599640.0000 0.598340.0000 0.585040.0000
RPF 0.7481+£0.0000 0.7357£0.0000 0.7413%0.0000 0.7410%0.0000 0.7378=20.000 0
ACT1
RPG 0.576 240.000 3 0.574940.000 2 0.570840.000 4 0.576 740.0000 0.561440.0006

Note: The best results are shown in bold.
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Table 5 The Comparison Results of RPFART and RPGStream in Terms of Rand Index
5 RPFART(RPF) RPGStream(RPG) RI
Rate /%
Datasets Algorithms
90 70 50 30 10

RPF 1.0000£0.0000 0.989710.0000 0.967010.0000 0.87711£0.0000 0.558 940.0000
HyperPlan RPG 0.703140.0000 0.702640.0000 0.703340.0000 0.702640.0000 0.701810.0000
. RPF 0.96200.000 4 0.9406£0.0005 0.945720.000 4 0.86210.0004 0.884210.000 4
RddCupss RPG 0.823240.0004 0.815540.0005 0.818440.000 2 0.814240.0006 0.811040.0008
RPF 0.909210.0000 0.9016£0.0000 0.805010.0000 0.6905+0.0000 0.680910.0000

CoverType
RPG 0.615540.0000 0.615740.0000 0.615240.0000 0.616 44-0.0000 0.615240.0000
. RPF 0.97801£0.0000 0.97721£0.0000 0.974710.0000 0.976310.0000 0.977430.0000
Act RPG 0.947 740.0000 0.947 440.0000 0.947 740.000 0 0.947440.0000 0.947 740.000 0
RPF 0.9610£0.0000 0.9595£0.0000 0.959910.0000 0.96040.0000 0.958710.000 0
Act RPG 0.929840.0000 0.926 94-0.0000 0.927 940.0000 0.925940.0000 0.921340.0000

Note: The best results are shown in bold.

NMI Rand A) ART PCA
, 6~8
) ACT1 6~8 : 1) RPFART
"NMI ,Rand KddCup99, CoverType,
RPFART . ACT2,ACT1 RPK-Means.2) RPFART
5 RPK-Means PCAFART ,
PCAFART .PCAFART ACT1 , . ,

Table 6 The Comparison Results of RPFART, RPK-Means and PCAFART in Terms of Accuracy

6 RPFART(RPF) RPK-Means(RPK), PCAFART(PCAF) Accuracy

Datasets

Algorithms

90

70

30

10

HyperPlan

RPF
RPK

PCAF

0.3681+£0.0000
0.4153£0.0000

0.367 92£0.000 0

0.3709=£0.0000
0.382440.0000

0.3689£0.0000

0.389710.0000
0.38032£0.0000

0.38220.0000

0.38390.0000
0.379 32£0.000 0

0.399340.0000

0.3856=£0.0000
0.395940.000 0

0.377 7£0.000 0

KddCup99

RPF
RPK

PCAF

0.982610.0000
0.81452£0.000 1

0.8746-0.0000

0.981010.0000
0.812220.0000

0.8786£0.0000

0.978210.0000
0.81422£0.0000

0.901 9£0.0000

0.980210.0000
0.75402£0.009 7

0.791 920.0000

0.976 8+0.000 0
0.785520.0059

0.569 040.000 0

CoverType

RPF
RPK

PCAF

0.539540.0000
0.520 32£0.000 0

0.5020=£0.0000

0.543510.0000
0.520 920.000 0

0.495 3£0.0000

0.559010.0000
0.51372£0.0000

0.4899-+0.000 0

0.580310.0000
0.5214=0.0000

0.478 92£0.000 0

0.575810.0000
0.524 97420.000 0

0.500 7£0.000 0

ACT2

RPF

RPK

PCAF

0.556910.0002
0.43882£0.001 8

0.256 1= 0.0003

0.53761+0.0002
0.435520.001 0

0.236 0£0.000 3

0.532010.0002
0.4570=£0.000 6

0.1916=£0.000 3

0.547310.0002
0.446 42£0.000 9

0.268 80.000 3

0.5518%0.0002
0.434 020.000 9

0.434 340.000 3

ACT1

RPF

RPK

PCAF

0.832910.0003

0.400 740.000 8

0.819740.0003

0.4141+0.0017

0.826310.0005
0.376 2+0.002 0

Out of memory

0.823710.0003

0.39322£0.0008

0.8092%0.0003

0.39130.0027

Note: The best results are shown in bold.
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Table 7 The Comparison Results of RPFART, RPK-Means and PCAFART in Terms of NMI

Datasets

HyperPlan

KddCup99

CoverType

ACT2

ACT1

7 RPFART(RPF) RPK-Means(RPK), PCAFART(PCAF) NMI
Rate /%
Algorithms
90 70 50 30 10

RPF 0.666 71+0.000 0 0.457040.0000 0.3435%0.0000 0.162310.0000 0.006 50.0000
RPK 0.017140.0000 0.003 640.0000 0.003 340.000 0 0.003 040.000 0 0.00930.000 0
PCAF 0.6492-0.000 0 0.527610.000 0 0.29520.0000 0.027 8£0.000 0 0.004 140.000 0
RPF 0.772610.0003 0.741120.000 4 0.7510=40.0003 0.705940.0003 0.692510.0003
RPK 0.643740.003 1 0.648240.002 8 0.6455740.000 7 0.531040.0518 0.534 6+0.027 2
PCAF 0.504 8-0.0003 0.536 740.000 4 0.564 3-0.0003 0.479140.0003 0.018340.0003
RPF 0.3539£0.0000 0.343040.000 0 0.2457-0.0000 0.16360.0000 0.161140.0000
RPK 0.088640.0000 0.083640.000 1 0.0813£0.0002 0.089 940.000 2 0.09234-0.000 4
PCAF 0.493540.0003 0.528540.0003 0.5598240.0003 0.459840.0003 0.4321240.0003
RPF 0.735340.0000 0.7207240.000 0 0.740320.000 0 0.732840.0000 0.727 0%0.000 0
RPK 0.58132£0.0007 0.575240.000 6 0.587 6£0.000 2 0.5748240.0005 0.57724:0.0003
PCAF 0.707 470.000 0 0.689840.0000 0.5915-0.0000 0.599140.0000 0.667 14-0.0000
RPF 0.748 10.000 0 0.7357240.000 0 0.7413240.000 0 0.741020.0000 0.737820.000 0
RPK 0.57540.0003 0.573540.000 4 0.57420.0007 0.5793240.0003 0.560440.0015
PCAF Out of memory

Note: The best results are shown in bold.

Table 8 The Comparison Results of RPFART, RPK-Means and PCAFART in Terms of RI

Datasets

HyperPlan

KddCup99

CoverType

ACT2

ACT1

8 RPFART(RPF) RPK-Means(RPK), PCAFART(PCAF) RI
Rate /%
Algorithms
90 70 50 30 10

RPF 1.000 00.000 0 0.989740.0000 0.967 0%0.000 0 0.877120.0000 0.558 94-0.0000
RPK 0.6822+0.0000 0.681740.0000 0.6820=40.000 0 0.6808-0.0000 0.6811£0.0000
PCAF 0.9999-0.000 0 0.998 540.000 0 0.957 7-£0.000 0 0.724 340.000 0 0.573740.0000
RPF 0.96200.000 4 0.940610.0005 0.945720.000 4 0.862130.000 4 0.884240.000 4
RPK 0.814540.002 6 0.810040.0021 0.8129£0.0022 0.7525740.0326 0.760040.016 1
PCAF 0.81560.000 4 0.834340.0005 0.845 6-0.000 4 0.746 8+0.000 4 0.409940.000 4
RPF 0.9092-0.000 0 0.901 640.0000 0.8050£0.0000 0.690 540.000 0 0.680940.0000
RPK 0.609 7-£0.000 0 0.609 240.000 0 0.609 6£0.000 0 0.609 8£0.0000 0.61024-0.0000
PCAF 0.973720.000 0 0.987920.000 0 0.993340.000 0 0.97030.0000 0.960 60.000 0
RPF 0.9780--0.000 0 0.977240.000 0 0.9747240.000 0 0.97630.0000 0.977 440.000 0
RPK 0.850540.000 5 0.852440.0010 0.8681£0.0007 0.859340.0009 0.8553740.0008
PCAF 0.98810.000 0 0.981910.000 0 0.951720.0000 0.953740.0000 0.954 24+0.0000
RPF 0.9610=0.0000 0.9595240.000 0 0.959940.000 0 0.96040.0000 0.958740.000 0
RPK 0.830070.0011 0.840140.001 1 0.828 6£0.000 6 0.828 140.0002 0.855340.0008
PCAF Out of memory

Note: The best results are shown in bold.

RPFART
ART

RPFART

,PCA
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Table 9 Performance of Clustering Algorithms with Different Random Matrix

2 :1)RPFART  RPGStream
.2)
RPFART  RPGStream . ,
RPFART .
3.5
RPFART )
, R
; (
(6)). C (7N C (8
Gram Schmidt
. HyperPlan, Kddcup99.,
CoverType, ACT2 , 10 ,r=50%.
9 . , RPFART
NMI Rand

’

, Hecht-Nielsen

(

RPFART

Accuracy

NMI

Rand Index

0.3897£0.0000
0.37494-0.0000
0.388810.0000
0.383040.0000
0.372040.0000
0.3736£0.0000

0.3435420.0000
0.3475%+0.0000
0.21154:0.0000
0.2685£0.0000
0.386 64-0.0000
0.4304£0.0000

0.967 04-0.0000
0.97500.0000
0.91144-0.0000
0.9451£0.0000
0.98544-0.0000
0.9911% 0.0000

0.978240.0000
0.9791£0.0000
0.9799+0.0000
0.958140.0000
0.988210.0000
0.982140.0000

0.751040.000 3
0.778910.0003
0.7929£0.0003
0.7200 +0.000 3
0.7405£0.0003
0.682640.0003

0.945740.0004
0.9620£0.000 4
0.9648+0.000 4
0.92944:0.0004
0.93311+0.0004
0.842440.0004

0.5618£0.0000
0.55084-0.0000
0.5538+0.0000
0.542440.0000
0.48964-0.0000
0.5364£0.0000

0.24404:0.0003
0.355240.0003
0.26911+0.0003
0.26184-0.0003
0.5625£0.0003
0.37824:0.0003

0.80694-0.0000
0.9008+0.0000
0.831840.0000
0.8329£0.0000
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Note: The best results are shown in bold.
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