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Online Classification Framework for Data Stream Based on Incremental
Kernel Principal Component Analysis
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Abstract Kernel principal component analysis (KPCA) has been suggested for various data stream classification tasks

requiring a nonlinear transformation scheme to reduce dimensions. However, the dimensionality reduction ability is
restricted because of its high complexity. Therefore this paper proposes an incremental kernel principal component
analysis algorithm: IKDR, which iteratively estimates the kernel principal components with only linear order storage
complexity per iteration. On the basis of IKDR, this paper proposes an online classification framework for data stream:

IKOCFrame. Extensive experiments on real and artificial datasets validate the convergence of IKDR and confirm the

superiority of IKOCFrame over other recent classification schemes based on component analysis.
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The convergence analysis in 4 groups
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R K. ASHMER L BBH PR T B A A Bk SRR A
R R PHPE R T Ak R R, B 5 IR AL,
PRSI A R LR 1.

E ] 7R, IKOCFrame. KOCFrame Al FIOC-
Frame (1) FNR “F35MEH 5 0 1.214 %, 1.043 %,
0.918%; EFPR “FE31H 4> Wk 5.48%, 8.862%,
13.415%; ACC ~FIME 73 ml A 97.9 %, 97.326 %,
96.475 %. "] LA, IKOCFrame £8 447 A48l
J7 1T, RV RN e A 2, AHE S At Rk O VR A
bl SRR ZE BRI F AN BT 78 E 54T R RARIAT A 42
Jyi, VEREUA S A O, AR S, AR SR I,
IKOCFrame # A, FIOCFrame & Z. 4h, {HIF
PRI, AR ZREE KNI 2000 IR Lk 4 28
ih, KOCFrame 1] FPR J&#RiA%| T 38.66 %, 1M
IKOCFrame {4 8.3%; X2 H T KPCA &Y/
ok S B A AR B B B WG N, S A
AT BRI 5 2% B 2R b, A 75 Ak R 3k i ™
B, MRt AR AT E; 1 IKDR nf L i 44
ORI BRI 7, BEAGAAETRRY, AT 2L
el T KPCA MIAFR e R, Ia, Wi sk
B, SR 50 28 0 S B BE I A AR S5 R 3
I I XU KR S IR IR B

BAEUINOCHL, HEERAS Y, BMER /NI ZRdE
W RE I Zk H PERE R 4711 20 2K 48

FLR, SRR . A [R50 B SR X0 LL 3G
WE =R kA et 30 7 sUR F AS S EyE, 5K
e R INE 2.

#E L 7R, IKOCFrame. KOCFrame A1 FIOC-
Frame ] ACC ~F¥J{E 7 N 85.80 %, 75.82%,
83.84%. AMFEH, IKOCFrame 428 )i &
= 46, IKOCFrame AMYAE 5 Mg 45 AF
B 20 RS B, i BLAE 3 M E SR ACC ik
2T 90% LA b 150 RIS 6 22 4 Ak i I FH 4k,
IKOCFrame /58X BEf% R 7 K 4F 19 70 K0 i B,
W gk, 7F Coffee FidiifE+H KOCFrame 1) ACC
JEAR AT 35.19 %, Ut BT 4 R e O A ER
JE.

322 HEME

O3 R I oy FPAT I ARy & AT
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BRI BE ), AR B TE 10 J7 45 LA
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Table 1  Comparison among IKOCFrame\KOCFrame\FIOCFrame under the KDDCUP 99 dataset (%)
ik 800 1000 1200 1500 2000 2500
FNR 1.03 0.898 1.122 2.08 0.938 1.214
IKOCFrame FFPR 7.48 8.808 3.754 6.08 5.126 1.63
ACC 97.626 97.452 98.33 97.086 98.19 98.696
FNR 1.068 1.236 1.07 0.874 0.922 1.09
KOCFrame FFPR 5.15 8.926 8.738 10.21 12.256 7.896
ACC 98.08 97.16 97.332 97.178 96.714 97.49
FNR 0.87 0.854 0.886 0.984 0.862 1.052
FIOCFrame FPR 13.06 17.529 14.144 8.716 13.278 13.764
ACC 96.588 95.654 96.354 97.404 96.552 96.3
#2 ANMEIEET, IKOCFrame. KOCFrame fl FIOCFrame [H[#EL4E (%)
Table 2  Comparison among IKOCFrame\KOCFrame\FIOCFrame under six dtatsets (%)
ACC
. e
Btk R IKOCFrame KOCFrame FIOCFrame
Gun 151 82.78 70.56 83.33
Pima 9 73.57 73.05 71.88
Flare 11 79.98 78.76 77.47
PageBlocks 11 90.13 89.33 90.00
Mafer 153 95.75 90.00 95.17
Coffee 287 92.59 35.19 85.19
Average ACC 85.80 75.82 83.84
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Fig.4 Execution time vs. length of stream\number of dimensions\number of classes
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Table 3 The performance comparison among IKOCFrames based on different kernel functions (%)

% FNR FPR ACC 2% FNR FPR ACC
0=0.1 2.0187 12.292 95.8380 d=1 0.7167 17.756 95.734
o=1 1.0167 6.6793 97.8027 d=2 2.5413 6.9227 96.546
=10 0.932 13.834 96.3793 d=3 0.9368 15.0482 96.1232
o =100 0.8667 15.864 96.0087 d=4 2.3135 7.563 96.5922
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