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Single-Class Classification Approach Based on Integrated Pyramid Model

XUE Wen XIE Yong-hong Ma Yan-hui YANG Bing-ru
(School of Information Engineering, University of Science and Technology Beijing, Beijing 100083, China)

Abstract A Integrated Pyramid Model is proposed for Single-Class Classification(Single-Class Classification Integrated
Pyramid Model, SCCIPM). This model is composed of four independent collaborative layers by Comprehensive obtain
layer, Assistant judgment layer, Kernel classification layer and Optimization layer. Comprehensive obtain layer formed
by improved KNN and optimized 1-DNF two classification methods, mainly for obtaining negative examples, results are
submitted to Assistant judgment layer voting reliable negative examples. Kernel classification layer update reliable nega-
tive examples by several iteration, each iteration establish a classifier. Optimization layer according to Kernel Classifica-
tion layer of different classifiers, optimally select the final classifier. The simulation experiment result indicates that

when positive examples are 50% of total samples below, SCCIPM shows obvious advantages over other methods in sol-

ving the Single-Class Classification and has good classification performance.

Keywords Integrated pyramid model, Single-class classification, Data mining
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3840 R IEA B 57 WIS, AR T 3R IR YIS
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X F L X KARAE G5 FE 1R AR, — R B — By 4 SRR
BB — AR R A S R S A RS X LARAR & A
BHARER. ERETERRTBELRE SEBHEW,
HENBEREANE heesh s BE3 8 sk 0 BHmE, Hik
e TIERBRAHERED R T EERH T RERE,
RN RAE R EEt: . AR MNE 1 xR,

&;‘ RO 2 || s M

%2

mﬂ%nm| R,

A1 ERETEEY

B 1 RS TR M SRR HEHER L
NERBURGRINACERR, KB REHE. EHR
ERRE . RN ETEEE S ERNLEE S AR RRRIR
TEBIEEA M 2 5 RS DL AU AR R D & R B
ZUHRE, FetF R T EFRMRFICESKER, AR
AT HBZEAR R HERRETES, AL RAER K
HE.

LA RBUR , PR 7 EE 1 — TR 5 R A8 23025 B B
W, B BhHE BB B PR T RS SR R BEAT O SR , BRI
ARG B0 HE B D REE L IE 1 F R B mT 58 2 B
HATEAL MBS RS . EERENT  NRIFCEEATEFH
U2 I FIARIT » AT 58 BRXS 73 KR SRR, By K
#. XL EG-RRIRE P BB R CE S IR
/MRCREA R B3 K, 2 SRR WOE B S RTINS T 428,
HIBRAFZEE P IREA T LURE, AR RAFICES
MK, BERUMBEERLARBPHE—SEABTEL
— AR K. B TRERFFEER, TN — i
BRI, XRFRBENEREN—MHA—E R BT
RGBT EHE-P AW, BERA SRR, HTHRBMA
B,UTH PRFFCHEMES U RERFCER.

2.1 REFEWE

BT EWEMENGES . FE—SHBNRA. 22
SRE T Hatsy KNN P A04E /s L1-DNF D07 s AT 2 3%
B REAMMERH R
2.1.1 #ited KNN F %

X FRABIEIHRE, RAXN T U PR —FF U, 7 P

« 192 »

PB| 5 B ) — N IEH Po  MREE & (5, 7E P P HREIS Py &
PTH ke AMEBJE R b ANPJE Z BB BE R P » R 1T
B P, 5P, ZRIWER., MREERSU, MP, ZFHH
B AHBR /D FIR— € BE o, MW U, R TEH. BAETE
kAEBJE Z IR BE R  , FIEZEE0 KNN J7ik & & 4
RN B PR BE R ER B, R T B T A MR EUR
UK. AR kMR — A RR R R RIEE R
RIS HAE AL, B 7= A 3R 1 R 397 BR 0 2% R T BE
B0 B AT ML EE N 1, 3 B EE S EER NI
T A EERABASERE 0, LI KNN 55K
KNN BEEXHE T, BIA RN X 250K & 515K F
¥, EREBIMALEY . IACFIY R 45 R RE S B — T
ER I RANE R E R FTE SR BINER, Rl 8L
B HEERURENEZM,

HARFRINT
Input.P,U
Output; A N
Algorithm:
L BB — M 0 & BO0H
2. for(each Uyin U)

3. compute Uy 5HEIEMIER Po Z B &BKBER Dy =d[2]d,pd =

[ Us—Pall%;
4, 7E P ¥, compute Py 53 & MRIEMIES (Pinv s> Pinn } 2
[ BR R IE RS db . p o = | | Pa— P | [5:i=1,2,-,k FIAH

RIAXE we,, Py =exp(—dp p  /2P)i=1,2,0k (e 4
BB IPE T AU et ;
5. compute X4 & MREHMBITE

-‘_Yk:'wpd'PiNN * Py
Proeen =2~
iglwpd’PiNN
. computePa 15 Pruon BIERABER D2 = | | Pa— Prwan | 135
7. If D2/D1<¢
Ui € Nim 5
else
Uq € Nim 3
8. return R N o
2.1.2 #ited 1-DNF 7 %
AT RBIRE, R AR SR ARIEFE P SRR T
U MR WEESIFESR S PF. U PR —FEG R4
fE4S& PF wh IEGURRAE A9 3% B /N T BIE o0 WA AR
BB, BRIUIEERT —MFELE P F U B IFRLY
E5, NITER 22 5 A BE R S8 SCRT B B IE BIAFIE R A 2T )
s, —MRFETE P o B BRASRE R 106, T7E U i BLRSR
K 0,992, XEERARIE A B AR R T AR P, HIL®
BEEHEAGE PP B4R, 43R RE
BEN 20, FE R B B T BB S 4 B RRAE A 0T i A B
PF 1. —R&7 P Pl A HE K THE U K46 B
;"R P o BB K T B sE .
OB
Input. P,U
Output: B N1—af
Algorithm:
L BENSGHEFESTHFEEE wi(i=1,2,,n), KH w, €UN
P;
2, for(i=1;i<=n;i++)



3. it freq(wi, P)/ | P|> freq(w; ,U) /| U | & & freq(w;, P)/
{P|>v%)

4, PF=PFw:;

5. for(each Uy in U)

6. if(ijEPF&&freq('wj,U,j)<p)

7. Ni-dnf =Ni—dny U{Us}; U=U—{Uys};

8. return B Ni—as.

He, P PHIRE, (U R U MEE, freq(ws, P) RFRIE

w; 7 P BRI IR B, freq(uw: s UD RHFIE w; 7E U P HIFLA

wRE.

2.2 BHHER

RIBLAKEUZ KNN 55 1-DNF B0y i 32 BU R 4519
GiR R AR RN R ERAN TR . A3CRA
AR R SRR R X P 4 K AR AR SRR UL R 43 B R A B A R
Us BFARRH,

Input: Nimn s N1—anf

Output: ATFEZ # RN
Algorithm:

L. if (Us€ Nign& & UL E Ni—gop)
2. Ui € RN;

3, return A SER B RN,

2.3 BlLH%EEB

Bl 432 2 o AR R I B4 & R AR B W) 58 2 ) B S2. 4)
YRR SVM 43288 . X U #4740 38, $E IR BURY 524 B8 i 2 vf
SERES, B RERHES . R, 0 U BK, ZreT
SR, AR U MEEA, BRSBMRIEIT R
AL ERESBREAERE, B U EEZRANGERN R
B, XHERS Mk, SRR B Y SRt E] , R At
RSt . EAREFERAES —REMREZEN4
RKYFEH R /N E R AR A VI G, 3 T SVM
BN AEBRAMNTHREXAKZHWBES BHEFTRERUE
FRFER, UL ERIA B, MSREKRAL RN
THFRMALE, 0 T 3X 5 TR T B RE X fem
82U, FESUGE R R, 53T 5 E R X A5 K
#AHERU MEEREEALT  BARSEWE LR
M, 2 3CF H (SV)-SVM ((Support vector)-Support vector
machine)) I EFEATIE, £ AR 2258

BRI
Input: P,U,RN
Output: 43238 SVM;

Algorithm;

1. X} P FE&ICHB FH7IC positive label;

2. %t RN F & &£10 # R FHR1C negative label;

3. {8/ P M RN JIZHH SVM 433588 SVM;

4. FANREB SVM: X QU—RNIHTHE;

5. X Qi aIAHRBIMRES  ARERW;

6. Q=Q—W;RN=W;(MiA¥FH RN=RNUW);
7. goto(3)EH B W=NULL;

8. return SVM;,

2.4 BRRUE ,

BERLARBER, B KRERBEL T RFEK SVM 4
18 BEFE-NMHA—-ERBITFHSAE. HAEHRLS,
VIGRBIEE P B & WRAERER, T SVM U234 B 75 Bii 4
B, MRES—KERTN QU-RN) PERHIRI T — &
EBIHE) RN 5, 3B 4 B G 4 B SVM 432688 (SVML..) 3k

SATER , B R WA 532588 IRE SVML. T P #4T70028,
WMRAE % Ck[51H 8%) W P B4 5B, AR 4 B v A
SVMo NYER, W) 2B — 4~ SVM 432883 (SVM,), T H
SVMis: -

PhARIBINT
1.l SVMi Xt P #1757255
2.if > %/ P #5 IRB then

A SVMI{E AR A5 KE;

else
Fﬁ SWlastf/F%J%%ﬁ%%g;
3. return B4 H 8%,
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3.1 EHriEER

TE I F0 BB 55 2 il & positive 1 negative, TP #1 TN
4y B R IEH M IE IR R BIRREAR R, FN 1 FP 231 &
RAKMIEGIRR GIFERLE . R 1 RPARBRENRE
HERE.

#1 BEREBENREGES
4% X 7 X positive 4% % 51 A negative

LR % B positive TP FN
3 FF % 5| negative FP TN
BEBEEME, TAEL LTS
TP

ACCUTAC Y pos = m

___TN
ACCUTACYreg = m

TP+ TN
(TP+FN) « (IN+FP)

o, accuracy s M accuracy g 535 32 IE B F S B EAS IR HEH
& ,Gmeans LEAFE BT IEBI R BI85 K HEH 3 ; Gmeans
BIRA, R HBRBET
3.2 XRWRESHIEE
AT IR Y A9 TE B G R0, A< S HE UCT I 2450
EEEHTHUR., LBBAFEREKA 2. 97GHz/2G A
HEH, TR S R EEKMEFE N Microsoft win-
dowsXP,SQL server 2005, visual C++ 6,
IRHHRIWBARELR 2. HHPH data set FIRH
WEMETR, attribute FITF T HIBEPICHWHERBHEA
¥, class 31 B 38 0 4325 )8 ¥, Number of Instances 3
0R T BIEEPID R

Gmeans=

*2 B#EE
data set attribute  class Number of Instances
breast 10 2 699
heart 13 2 270
auto 25 2 205
sick 29 2 2800
Sea 18 2 1350

SEE AL BRI 700 1E RIS EE
B FIRE 0N EMRES . ENGESS, FEVLEER A%
WIEBIREAAE N TR PR P&, FR -2 %) MIESIHA
HEBIMEAAREBHFEHU L.
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(c)G-means# &
B2 ISR A

B ] L, B TE A B R AR B 4 LR, B SR
PR 3 AMEM AR R R B s hn . B3 s 4
EBIRE A R BE, BUB I G BERE A R R KA iR
B R BIREA S NG, 1 AR TR 40 2 B B AR PR

BT 2Ca) AT LA B, 7K B 43 388 BE 7 |, SCCIPM
FEIEBIREA AR B E 4 LN, B A T TR B R
BRSBTS, NTAE T RBEAMSEBR., X—K
PSRRI R E X — R RRBN S EEE
HEX.

P 2(b) 22 BH 18 in IE 00 A A B0 o 1 BB A 43 200G B R
W AR B3 BRI, A — R RRERREE
b TWIER SR B £ K, IE B K53 I A
BT RBIR 4K B, e IE B A 5 28 B 5 |, SCCIPM
{RTETEBID MBI T 2 A HERBD IR TR B2

HETTAE 2(c) 78 1, SCCIPM S R 2 iy s 4 4 e b RE B
h; ESHEESML, NEBEE P RENEE DGR
W EEAHIE SRR LE S RIE B S AR E A &R
E X SCCIPM #ma s/, MIEH] 58N EEA# 50 % LUF AT,
HFHEES EEA SBENEARM 50 L B, LRAR
R R, FE T EBUE TH IR {2 NB #1 PEBL £8
ARFEE. XWRBET SCCIPM A ERE, BENRE
. XFAWIET 4% S0 i SCCIPM R B 75 81 43 2 (] BR
LA SR B 5, TR AR 4 B R e B K ) LA +
SEEME L,

HFIE AT EFHRIRN KB R T R R
SRR I — B P R BUR AR, A SCER L T R T
RIMETREBEFEEY ., BRERARATEATHER
IS, RERFICNIEFESM— 2R AR ICEFISE
BRAE HA  FFTEE BB BRI GBI A U, &
EITHEBMARER ., X LTS REY, SCCIPM & #4533
LRABRKAEMR. ARARTEEELHAIHIESE
EHATAR R, LS A R
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