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Intuitionistic fuzzy kernel-matching pursuit ensemble algorithm based
on hybrid selection strategy
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Abstract: In order to improve the generalization ability of a classifier ensemble, we propose an intuitionistic fuzzy
kernel-matching pursuit algorithm based on the hybrid selection strategy for target recognition to select a subset of optimal
individuals from the given classifier ensemble. The basic idea of this algorithm is to produce a preliminary subset of
classifiers by disturbing the training set and the feature space, and then trim this subset by eliminating the redundant
classifiers based on k-means clustering algorithm and dynamically singling out classifiers with high differentiability from
practical object recognition, making the size of the subset adaptively change according to the complexity of the objects
and the expected accuracy of recognition be determined recursively. Experimental results show that the performance of
the proposed algorithm is more flexible, efficient and accurate, with higher generalization, in comparison to other classifier
selection methods.
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2.2 HiR4HT(Theoretical analysis)
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Fig. 1 The algorithm flow

3.1 T334 Bi(The production of individual
classifier)
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pruning based on k-means clustering)
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SBA FI, i< KM+ IR Bk 2D IR,
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it 20 IR.

AR, FEHIUE R R B REN R, BB DK AN
N, JUVER R 22 5 T AR TR A8 SR e e, (R SRV TR A0
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IEAE R A, REARHE RS H bR ) 5 442 R S SR )
T SRR GE K B A S AP K BUE, DA R FE
SIS R
4 SEIG 45 B K 43 BT (Experimental results and

analysis)

RN T RAUEREER A S B A E SR T
Bagging 1 B . A8 1% UL AL 16 5 452 Al 5 7% (Bagging-
IFKMP)27 | BE - 38t % & % (¥ IFKMP £ Ji 5 V%
(GASEN-IFKMP)!O D) 5 i i) )t 3 346 9 1) L
ORI 2% TG JC 38 i B i B2 (SFS-TFKMP) 2813k 47 1 %6}
tt. Hoob, Bagging V2 A& G AR Rl v, B B X
FIB 53 RN 45 SR T 2 B EH 5, GASEN
FISFS 77 ¥ ) A2 P e AF T 3 28 () e R 1tk B e B0, 52
USSu e sBvio: O T VR (SNE 37 xRt Y ATl 8
H, GASENKH il gwts, Jh 7 R SRE I Re AT 46
E, ASCEFEA F FIFEAR L G AT, N T
WURZE, BRI AT 20 E R RIS E. i &
W #AE R 4 Window XP, 4 % #f MATLAB7.6,
Pentium(R) Dual-Core CPU E5500 @ 2.8 GHz, N 1F
2 GB.

4.1 ShuttleZ#E R 5 (Test on Shuttle data)

SIS B 2 1 BUUCTEUE 48 A ¥ Shuttle 345 S£R 14
ATIAIE. Shuttlese —NTREHRER, G5 94ERHE, A
43500 YIZRFEA [ 14500 N IRRFEA. Hodh K2180%
FIREA IR BEAR, HR2—TRBEAR L) 5 B AR
20%. T FAETHE, ARSOR LERFEARR L N IEZRFEAR,
HAR2-THEBEARL T BFEAR RN T H ). H I
ZRFEA R HTA0000 M FEAMC I ZRER, - T 14328
A5 2R R, R T A (13500 FEAAE R ESIEER, T X
T oy RAATAE BT AP, Sebr i, BE 2 10 2 T
B0 S H REACHEAT R, DR X 12 R A (1 1R B 1%
bl IE 2R A L 4% B i (1R B, R S 3 AR A
N B EREAR (R S FEAS) ARSI 22, BRI AL 14500
ANTUARRE AR o BE AL B A 1000/ B S8 RE A A il
AT,

SHE . B S 8w (y; ) AR STk (2417772
BT, 15 1) IERREARAEYR E ARy, 1 H
TR 2 Hw (y1) = 0.9; 2) FBEA NG E A FE
Ay M EL GBS Hw (y2) = 1.1; R Buld 58 X
3 2lo = 1; & T IIGEFEABELL = 2000; 146
L RUIAET = 100, ¥ 462 590k FE 290.99, 1R 5 K
AN = 0.005. K GASENIEEEIT, 438 XHEH 40.7,
AR N0.01. IR EE R AR L, HAE R 20K EF
VSR MIE. 7R TR ZE VLA, 1T Bagging
TN E AR BGE, TETER T 53 R AT e,
HATTUASE IR Ry F 25 S R

% 1 ShuttleZX 3£ 7 3] £ 50
Table 1 Testing of Shuttle data

=S YgEE  BirE S SRR RS RNERS  WE%
Bagging—IFKMP 40000 3500  #12%: 1000 100 — 97.32 0.61
SFS-IFKMP 40000 3500  f12%: 1000 26.2 1520.7 97.65 0.16
GASEN-IFKMP 40000 3500  4i3%: 1000 19.6 2910.2 97.88 0.23
ARLT7i 40000 3500  712%: 1000 11.3 343.4 98.63 0.12

T, NERHIEL R R AR A, AL
TIESE AT TR T2 8 2 H A TSR3 &R (R AR XS
HoAth 77 95 81 5598 /b, SES-IFKMP J7 1% S GASEN—
IFKMP /5 12 A0 B4R i 7 16 BT 5 IR 1 7 R a8 8k
Hr 5 T B 1 73.8%41180.4%, AL TN RI& T
88.7%, [F] B 75 3L 75 12 BT 7 1 7 45 48 2% i [A] 19 4
%t SES—-IFKMPJ5 7% J GASEN-IFKMPJ5 7% 43 Il
K% 17 77.3%F188.2%. X2 T ARk K k3
HRI KR TOR 7> RARIAT 7 5I5%, BT 5
PR RSGSAR T AT R T2 R B R AR R A (]

PR R P BB A SR I RIS W2 R R, (]
I 3 v T B3 i 6 B U 2 A AR I TR B AR,
XA O I R A 25100 AR R B SR I e
SEREAT VR, A1) ik U B SE RO, 3
B TR R K. 276 S g R, A
THEAMCEATE L (R0, R thH % A2
PETERE, o2 DR Dy A B Bl 5 SRS A A A A X 2
—IRUEAR I E T 2K A, Hk g Ja AN . T
ML MAEEAF T IS4, X G HAb—2t
A3 R] e DN TR R R B A 1 1o RAs TETRN
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%, BUT A E RN R Gk = 208 1) R g VE, R
s AR BIROR Sz AU PERE. A SCRHLP 7325 8%
eI P vk KL EZ N Y L SRy @ i i bty ]
T, 1% KW R AR H AR () 5 0L Bh A ik 3 HA B 75
T3 R I AT IR AR B, AU RS S50 5y R
T, RN R A2 AL RE STFIRCR.
4.2  NTEHEER D (Test on artificial data)

A TR A, X T i 28 11 40 2 ) il —
ST VNI A 2 M 1 I A, R e gl 2 AR
For R B o R RE A A

BE AL 23 0l 7= A2 R S LB e it 4 1 RE ARk
100004, FEA A G B2 . MAEA S Hh g BE AL
EHL9000MEAMMCAZREE, H T 720 28 A K,
FEF A2 1000 MEARE A UESE, FT-X 770 s
HATIEBY S HET . D8 T RS B2t B B AR 10
R, RSO IERFEAR RP B2 ) B AFEA) bRl
HHERE AR K5, FE NS0004 1E 28 FE A H B HL
HU 1000 FEAAE AT DA

RN E: A IERFEARMNEEE S w(y) =
1.2, FURFEA I H 0 B 25w (y2) = 0.9; K%L

IR XGRS Blo = 8; & Tl SR EE R A LA
L = 500; WJUGEE RINAET = 60, W) 4R IR A RS N
0.99, & 18 & KAX = 0.005. % FIGASENI%E % I},
AR X NEZRN0.7, 28 T2 0.02. SEE8 I 2510 5
SF N 2B HEAT I b B B AL AR 20 9% FE A 12K
AR, SR AT ISR, Seatst iR 2FR.

80 T T T T T T T
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K2 HEAMA
Fig. 2 The figure of sample distribution

k2 ALEFER AR E
Table 2 Testing of artificial data

ik YL  IIrsE A RIS RS RS RE%
Bagging-IFKMP 10000 1000  IF2%: 1000 100 — 97.26 1.33
SFS-IFKMP 10000 1000  1F3%: 1000 16.3 791.9 98.33 0.31
GASEN-IFKMP 10000 1000  iFZ%: 1000 26.6 1115.9 98.65 0.26
ASCTTi 10000 1000  IE2%: 1000 8.4 163.5 99.23 0.06

M IIR 25 R B, FE VIR AR &0 75 ) 1
N, ASCTTVEWBER 15 E I B A RE ORI =
R R, HLEGR R L IR PR RE Sz AL RE
PR AR TR SR R BT VAN H A P P R Uk B 2R
%, Xt 55 Shuttle B L3025 FAHVI &
4.3 3 HARIR5H(Test on ballistic target)

ARBT 7 [ AR b, IE T B B AR E W
BE AR SR H AR B BEOR, BRI A SELG ¥
X HE H ARy B E U H AR, DRGS0 A
SCERLE N T 5 AR IR U RAOR. AR
FEKOH, #4417 5 3 A A B 38 H AR B 8 3 i
A (rader cross section, RCS)#HE 14T 15 H 5L 56,
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Fig. 4 The RCS series of ballistic target

B 1 5IE H e b, BB i R el

ITBAE N TR B AR R (K B AR), A4 B R A
10004~ MFEAREE HH 1 BE AL IE HLO00AN F A= 5 A |
AR, T T 2Ra8 LE R, FRIE R R 100/ MEA
VERBSIESE, T KT B8y iy . BT
X EFAATREEG, MS00/ IERFEA H AL E 200
AMEAAE IR T,

SRR E: A IE BRI B 5B 2w (1)
= 1.4, FRFEARI B S 8w (y2) = 0.9; 1%
HOE 2 XIRAFR B0 = 1.6; & T I ZREERE A
FLL = 500; ¥ 46 5 AT = 60, H]4h 1K 51K FE
0.9, IRE B K AN = 0.005. K FIGASENE i,
A X MEZ N 0.85, 248 T HER N 0.01. S2568 45
L3IFTR.

& 3 il 55 B ARRAIR I
Table 1 Testing of ballistic target

Hik YIghsE  IirsE WERE SR BEENES O HINER%  WE/%
Bagging-IFKMP 900 100 1E%: 200 100 — 82.36 2.23
SFS-IFKMP 900 100 1E3%: 200 18.9 10.2 83.65 0.83
GASEN-IFKMP 900 100 1E2%: 200 29.6 28.6 83.85 1.02
ARITTE 900 100 1F24: 200 5.3 5.3 84.42 0.37
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5 25 (Conclusions)
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