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A Fast Neighbor Prototype Selection Algorithm Based on Local Mean and

Class Global Information

LI Juan':? WANG Yu-Ping?

Abstract
but its prototype selection process is susceptible to pattern read sequence, abnormal patterns and so on. To deal with

The condensed nearest neighbor (CNN) algorithm is a simple non-parametric prototype selection method,

the above problems, a new prototype selection method based on local mean and class global information is proposed.
Firstly, the proposed method makes full use of those local means of the k heterogeneous and homogeneous nearest
neighbors to each be-learning pattern and the class global information. Secondly, an updating process is introduced to
the proposed method. Lastly, updating strategies are adopted in order to realize dynamic update of the prototype set.
The proposed method can not only better lessen the influence of the pattern selected sequence and abnormal patterns on
prototype selection, but also reduce the scale of the prototype set. The proposed method can achieve a higher compression
efficiency that can guarantee the higher classification accuracy synchronously for original data set. Two image recognition
data sets and University of California Irvine (UCI) benchmark data sets are selected as experimental data sets. The
experiments show that the proposed method based on the classification performance is more effective than the compared

algorithms.
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I 2R 0% ) BB USSR S s Ji 2 e P %
BT WA G, Tk 73 RS FE LU I 3 Hh Ak
HIPAT RO TR A e PR H AR W AEAS BRI 70 2Rk
RE TR il b, 25 il oo 48 S 0 9 A, BRI
T, TETT 3R o SR AT Ak L WA AR Oy %
TR (Training set) N YIZE (B —LLELHE L,
Wi TURAE EAE), FKik$E 74 TP (Training
prototype set), TP C TR fff§ TP AN 2R
M H Ace(TP) = Acc(TR) (Ace(X) & X BN
WNGREE P IRAF K 73 NG ). T A5 23 Rk R b, A
TP B TR 1ER5r K AIW S HE B, M FRAIC T
18 SR A

JR AR AL — A g, WidkAs TR R RE,
PR T 2 U, S BT AR T AV (Edited
nearest neighbor, ENN)B 5 [ 45 i 48 7% (Con-
densed nearest neighbour, CNN)M J& 5 FLE H )
FEARIE VL. CNN FIE I Bl SO R IR A SR A
A HEZ U UK, 1 HE 4 S R 2 TR
FEAR. g8 CNN Hk, 774 T — R0k
U FCNN (Fast condensed nearest neighbor)[®! {ii]
PRI AN T B 41 B 1 RS W] i 3R 2 k3
W3R GCNN (Generalized condensed nearest
neighbor)l® 5| X T [ 52 4F, Wil 7 CNN LA
FRZEIEA A £; MNV (Mutual neighborhood
value) " FH B3 4054 B A% B0 105 A 52 U 41 A
J&E; RNN (Reduced nearest neighbor rule)™ {i]
H POt CNN B Jg R A AN BN ik ) ok i 45
TS 2R AL FEEE, 0 IKNN (Im-
proved k-nearest neighbor classification)® 1 PSC
(Prototype selection by clustering)® 2. [iRk4
AT SR FL A% S 0T W R RO M. T R 4 20 4
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7k, $H T ISSARC (An iterative algorithm
for sample selection based on the reachable and
coverage) 5y
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Fig.1 Running diagram of LCNN algorithm
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JR AR U A FE B B AN Dhfig: 1) ik B AL
FEMAS LM GFEA, SRECEFEAR T B L RIME
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MR IER NN TP, BER T CNN HEg 28 J5i Y
TEHL I BEALE; [FIBSREOEE S TP & A 1R
FESATAR T AL, SRR O A

LCNN [P B ap At R R R 4

HIN. VAL TR.

M. GD. PS.

$£8 1. ¥Wihik GD =0, PS = 0.

FHI 2. BEHLIN TR isei— 2 Ll il 2k
A, 58 GD 15 BHER.

$IE 3, 5= 1.

PB4, j=1
PS5, AH BREATEIUE A o, A

Hil GD (4,2) < d(x,GD(i,1)) < 3x GD (i,2),
IMAZRAEE § =5+ 1.

$IE6. Fj<f, HIELES.

PEBT.i=i+1, % i<m, HILE 4

IR 8. BRHZB R SEHRX GD F1 PS (1%L
a7,

P& 9. it GD. PS.
2.2.2 [REIF3 g

LCNN Sy AN 24 2 S0k AN 00k il
FUE N GAEARLE, IS — A R RFEA TR,
HAENA RS AR ) ke SRR 2 AR, 4
—NFEA I [R) T AR SR S I KT REAS (1) 57 2l 40
Je SRR I, A A B AR R A N B J AR [
i, AW REAS 5 2y B B e K T R4l

Sl s, QKT DK LA A S AR I N 31 i
2

LCNN (1)) 28427 ) i FR R i

#WIN. GD. PS. )\ )% TR.

. TP.

W 1. W TR AAERBEHRIFEA, W4
TP, g5k

T 2. AL ARBHEA .

P 3. Mz BEAIEE ¢, SRz 1 s,
hiz~ GD (c, ).

PB4, # d(z,GD(c,1)) < GD (¢,2), ¥ %
LIS,

FIR 5. A (1) M (2) ulrtE 2« T

ST AL SRR IME D, F1 Dy,

$£I® 6. & D, > Dy, z ¥EAEREAIMA TP,
FIA%E PS (x,:) $oil, #2555 8.

PBT. #d(x,GD(c,1)) > d(s},,GD(c, 1)),
x WIEIERAUNA TP, R %E PS(x,:) ¥
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FH BT .
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SR R T 2, B IR AR SR, 5
NI © BT 2 i 3, i ey S A
S SR L ) DG A A T SRR A, B o
5 T 408 i R T E I () A e, E— e FERE BSEIRT
KRB G EL. R D T 28 R g i
JE R 0, A 28 rp O DX 3 SR RN 4

2.2.3 RBEIEEFTE

SR RGN T R A AR, X AR
2, VR R A R R, S S R AN A R
JEAY g SR TEOH . AR SO FE A R R U
$ T () S S T AT 15 A [R] 1 B Wi, P DA A AN
[l 475 L ) SRR A B V. X TAT— ps € TP, ¢+
SR pi Y E AT AR SR 2R R R, AT P AR
BAE; £ TP JRAHRE 56, BT RS 2K 4R
R ERTRAE.
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HIB 1 (MZREFEH). 24 d(p;, GD(c;, 1)) >
3 x GD(c;,2) H d(p;, TP(PS(Ind(p:),2))) >
d (ps;, TP(PS(Ind(p;),3))) W i% 2K i B 417
A, MR S SR 2 ) B A AL B B 5 g, D)6
PS(Ind(p;),4) = 1.

S 2 (REESEEATEH). M GD(c,2) <
d(TP(PS(Ind(p;)),3)), GD(cs,1)) H 3 x GD(c,,
2)>d (TP(PS(Ind(p;)),3)), GD(cs, 1)) i, FH
pi MG JE R ORT 2K A R s B AT A
Hop MEERHMEDTEMTRFDHY
1 (D, <Dy), AW p 5HER T AEFRD
2 X 1 (B0 d(TP(PS(Ind(p;),3)), GD(c;, 1)) >
d (TP(PS(Ind(p;),3)), GD(c,,1)) 8d(TP(PS
(Ind(p:),3)), GD(c;, 1)) >d (T P(PS(Ind(p:), 1)),
GD(cs, 1)), MR p; AMeE, WKE PS (Ind(p;),
4) = 1.

T8 3(BHMHERELBEREH). HAUH
FSEEE, X BT AR VR 0 SR B AT I B, S B Y
TP PS K5 &, 55 0 RS E L
G, RIBF A2 85 D;, B8 GD(c;,1) = G,
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X6 I [ J R 6 T SR R R R S k. R R S A
S RS L, BT ARECA 1, B 2SI R A Kk EL
— AR AR R — A S AT 4R, W SR ER A 2 2 IR
S CNN 2.

LCNN Iz T 2 A S8 3 3% — 2 R A
ARE ke ORI ON. B RN S BOE A B
A U R RN B A R = A S IR Tk R B
AT AT BB, A Xy X 2 2 R
BT A BRI IF M S AU . NIk, 456 R
MR A T, EHE TSR E T,
B AR Bt A IR S I 3 & 24k, BhAS I £ F
h A ) B, AR SCHE— AN TR R A A, KA T
FKMNFEAR o 75 TP v &[5 7 2830 48 4 v B 4 AH
i, H k < min(Ny,No, -, Ny,). A4 5

J1= ]:1

FITFRER TP 2 e, = 1,2, - ,m) BURKL,
[-] 7R FHURE).
3 BEITML

h T VRS LONN B P Re4e br, A3
EFE T KNN. CNN. GCNN. PSC. ISSARC L
M ILVQ (Incremental learning vector quantiza-
tion) M7 1l i, 2o LONN 5 GCNN 4b#
FEMEAHAL, SR T R 2R 4B AR A GCNN
HEHLT p=0,0.1,0.25,0.5,0.75,0.99 F [ F3)E1T
R, PSC 3 BARE DU [B] R 43 SR S mT BE SR
KD FHER ASCEICCHR [9] RIS AL AT 2%
K] r = 6m Al r = 8m; ISSARC H k7 ICF &
VLA AT SOk () ARG R Yk R A, R
AR 2 () S A AT S 11 PR, ] o T ek 2 o e
AR B ENN SVL M se A B, RIS T S5 g
ERUK R, L ENN SEE 47 R T SCHR [15] H 18
ZHWCE; 1T LONN Al DURES 4 5 T 2 4 A 2R H
by ILVQ J2& H Hif ey He 4 P 110 PR 1) 1 st 280 2 g
Fykz — Chfaith TLVQ 1817, A3CX A Fl Ageold
KHLE T A = Ageold = [y/n] ); LCNN HLig
HRGII R, ARTL T PRk 1 5 J AR % JEAR, T

1EF KNN HiI CNN JME A R S50 R E BRI 2
M, Hoh KNN SETe 5 A% WL kA8, 2050k
3. 5. 7.9, 11.

AT B AE LONN SLvk 0 Rk, &8 7 mA
PG UL B £ DL & A 12 A UCT Hdli 45 (W&
1) A3 AN KB E LS R 5 5 H1a8 XK
E RGNS LAV 1P 38 90 RO S oy k. AL
7EF% ) TV Intel (R) Core (TM)2 Du CPU E 8300
2.83GHz 1G 1 PC fi#fi {32 ¥, Windows XP 32
P K Matlab 7 1847 F 5 R IRHCSE 0 045, A
R FHREIE = Doeeetl 5 100% . 4 L% =
% x 100%- IBATH IR (BRf7: BD) 1E A4 e A )
PENFERR. ot | TS orpect| %78 TS /ETR 8 TP {F
NN SRR RIOFEARSL, |TR|. | TP |TS]
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Table 1  The information of UCI benchmark data sets

K RHIESL ESTIE FEAEL
Iris 4 3 150
Wine 13 3 178
Glass 9 6 214
Ionosphere 34 2 351
Cancer 9 2 699
Zoo 16 7 101
Heart 13 2 270
TAE 5 3 151
Liver disorders 6 2 345
Spectf 44 2 267
Ecoli 7 8 336

Ctg 20 3 2126

3.1 B

gy B bR vk, o KNN3k (1) 1 ]
224N O(dn®n;), CNN 5L EF ] 52 2% &K
O(nN?%d + nyN?d), GCNN 5k i a] &2 2% 5
O(n* Nd + nyN3d), PSC LW W E I N
O(rrnd + nyN3d), ISSARC 5L [0 242 0

t

O(n’d +d 35 M7 +niN*d), TLVQ STk [ 52 0%

FEA O(dn]z\fl—l— niN2d). LCNN Sk @0 &2 2] 5
i, BES PRy B R AR O () O(dnN)
FE 5 S50 1) O(ny N2d), FoHARIN ) &2 24 FE R
O(dnN +nyN2d). FRAKX, n HIIGFAL, d
NFEARYERE, N A iR, v WREH, 7 WK
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oy B2 s 5 2REdE, 200 1 RS 2
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Fig.2 No noise artificial data set
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D33 SCHR [17] 5256 2 BloEA SR FAAS
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POl ENN SR e 55 5 Bdle 3047 1 1ot A
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£ FJRAN A SO, LA, LONN SL7E G FF
JEURFEARGE A A BN O, o HLBE AT s, Hgh R
[A] ISSARC F ILVQ &ykgt B A fHEerE. K 5.
7. B9 B 11 A 4 RhERAERE 3 B4R LR
Az g B, LONN S0 B R AN 50 2 /0 1 TLVQ
SOVEGE BAL, MR T ISSARC Sk S, 62
FE B FRAR T MR AR AR, M 5 R B ] /D
T .

L, ISSARC Skig TR 40k, fE N T8k
I S P IS AT I TR FEIS 10 /NI L.
3.3 BE&IRBIxTEE

1) B2 R RS I L

JE LONN F52 P AE, A0 T 569 1
S PR M AT 52 0, 2 M 4 0 L s
TEFR AR 30 MR SEAA, S0 212 AR
%, 357 AMEH B WL 5 WK 5 i LA Ik
SR TRIEATHAR. % 2 B #W] LONN 764
S P P T 2 W) T P 43 S P G5 4
GRS, & TR R SR R
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Fig.4 The prototype set obtained by CNN on no noise
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The prototype set obtained by CNN on noise

Fig. 5

data set



1122 H Zl) e ¥ {5 40 %
350 - 350
300} ~ s 2% 300} . f“"’"n
ol . { ; ! ool :y??:g: ,’},,.' £
150t N’ 150F e
100k o 100p
50__..._,»-‘ ol
S 05100 200 300 #6000 600 700
K6 TISSARC 7EJH: & a sk it i 4k Bl 10 LONN 7EJCH & Sl 4 ) J R A
Fig.6 The prototype set obtained by ISSARC on no Fig. 10 The prototype set obtained by LCNN on no
noise data set noise data set
400
350
300F
250
200
150
100~ .
sof ™
700 200 300 400 500 600 700 0
| K7 ISSARC Eﬂxﬁ%&ﬁ%ﬂ@ﬁﬂ% ‘ 11 LONN 760 R A g 0 g
Fig.7 The prototype set obtained by ISSARC on noise ) ) )
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Fig.8 The prototype set obtained by ILVQ on no noise PSC FH i KB 4T I8 3k 52 BRI 44 E@Eé%ﬁ%{/ﬁ,

data set
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Fig.9 The prototype set obtained by ILV(Q on noise

data set
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Table 2 Operational efficiency results obtained by compared algorithms on breast cancer data set
AT KNN CNN GCNN PSC ISSARC ILVQ LCNN
VEN 93.67 81.55 78.27 89.27 73.81 90.61 92.14
4R 100 60.16 21.24 46.27 11.35 35.52 15.98
IEAT I IR 2.409 6.202 3.5193 3.872 4.726 9.641 2.752
%3 HESTET TS LISk
Table 3  Operational efficiency results obtained by compared algorithms on handwritten digits dataset
ok KNN CNN GCNN PSC ISSARC ILVQ LCNN
ViEs i 97.99 92.07 94.57 93.25 92.48 95.59 97.08
4t 100 41.34 25.72 33.94 19.96 31.58 22.57
IBAT I [R] 756.39 214.34 595.28 456.92 612.58 372.35 247.47
*4 WA R RS 48 L A S0 Hed
Table 4  Operational efficiency results obtained by compared algorithms on breast cancer data set
ik KNN CNN GCNN PSC ISSARC ILVQ LCNN
TP TR A 7 IO S T 457 b3 7 ORGSR T4 b4 3 JOREISE TR L 4 3 OGS T4 L < 23 M S TR 40 LA 23 SRS I TR
Iris 96.67 100 95.50 59.71 95.78 12.32 92.89 64.83 94.54 23.67 93.07 45.04 93.33 28.63
Wine 70.80 100 71.23 6794 67.32 2354 6221 73.74 6557 1854 67.64 41.12 69.65 15.82
Glass 65.08 100 62.64 66.59 68.27 49.26 60.69 72.78 62.12 2240 64.69 28.74 6543 26.43
Ionosphere 88.68 100 85.89 48.33 84.32 2217 86.18 45.19 87.45 8.76 89.29 1991 86.16 18.79
Cancer 96.50 100 88.12 7.153 94.61 16.92 78.05 10.55 84.55 14.56 78.05 10.55 95.14 25.35
Zoo 83.22 100 88.14 57.67 88.73 31.52 78.26 57.19 76.43 23.51 87.10 35.19 92.62 34.36
Heart 76.21 100 67.27 43.40 7549 46.24 79.54 31.23 6831 10.60 80.34 37.38 76.57 37.01
TAE 7772 100 56.34 36.75 64.48 44.61 72.25 37.18 57.57 36.92 70.22 23.33 76.69 21.69
Liver disorders 67.61 100 55.80 16.67 65.26 42.31 61.88 67.21 55.36 20.87 60.87 15.89 67.51 14.06
Spectf 71.95 100 63.05 20.36 73.35 52.07 79.41 2456 7233 1648 7793 35.74 80.14 35.09
Ecoli 86.45 100 7744 53.71 76.79 33.85 7493 4289 7869 15.70 82.22 4296 80.17 29.73
Ctg 82.09 100 62.68 4291 6449 18.73 T74.86 41.66 65.05 10.09 69.18 12.23 76.76 12.48
Average 82.87 100 72.84 4343 79.21 32.80 75.11 4742 7233 1851 76.72 29.01 80.01 24.95
TR 4 B, WL R 458 W CNN PRI il LONN SkAUH 2 Dl g

A GCNN, LCNN 7E{R£F B 2 M E s L A g 3
5 R e L AT B B 1) 43 SR B AR A % Lk TLVQ
Bk, Bk Tonosphere 4k, LCNN 43 2R 50K #H
o FIEORAE T 11 AN 4R B s R4 L, X L
PSC e i B 47, LONN 744 11 DMEIRER
B R Z A, IR O AN 4R 1K R R 4 L
R ARIL T BT 1) 53 SRR e R e 4 LR AT
T HAbX SR =, ISSARC HE 5 B K

JE 46 % w1 ISSARC 5vk. k3 5 1247 i a) #
P, AT HAE /N A R AR T, X5 T KNN Ffl CNN
M5, LCNN I RJALHAA 2, 11755 £ s 4R
Ctg I, LCNN I [afu#5 ] &&; b, LCNN X}
F GCNN. ISSARC. ILVQ ki s, A& BEm
AT I T PL s A T B A 5 PSC &,
LCNN B0 S 12 57 R34 00 9 20 i [a) 41
3
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Table 5 Running time results obtain by compared algorithms on UCI benchmark data sets
Hik KNN CNN GCNN PSC ISSARC ILVQ LCNN
Iris 0.48 0.57 0.76 0.74 2.47 0.67 0.61
Wine 0.64 1.30 0.94 1.28 3.23 2.11 0.58
Glass 0.94 1.12 1.42 3.10 2.43 2.50 2.19
Tonosphere 2.53 2.58 5.45 3.02 4.21 3.93 3.37
Cancer 11.47 3.06 3.29 22.25 3.74 7.64 5.83
Zoo 0.53 0.75 0.86 0.57 0.77 0.63 0.33
Heart 0.68 0.74 0.97 0.78 0.83 0.56 0.51
TAE 0.51 0.63 1.01 0.71 0.85 0.49 0.45
Liver disorders 2.35 1.37 2.77 2.43 5.46 3.49 3.34
Spectf 2.89 2.42 5.79 2.67 3.36 2.32 2.25
Ecoli 4.01 3.61 4.53 1.88 4.27 3.42 2.88
Ctg 90.92 42.9 74.56 41.82 62.11 37.64 37.33
Average 9.83 5.09 8.53 6.77 7.81 5.45 4.97
LR 4 MK 5 diie, 43 LONN 2tk 3

T SR AR P, REAE BT I 4 L I L, ORFFEL
o PR 43 2RO B RS PR R AT I ).

T PSC F1 ISSARC J& T AE 14 & 2% >) 513%,
BATHE R T 2 R S, R E A
Z I AT FE, WO T F T RS O £ R AT 55
GCNN 5y B3 5%, H R RO S5 45 A o f
HAFECI S I8 KA, WOz BRF /N
B S AL 2L

gr b, BhxFER 6 Pra B AE, ASCEEAT
CNN. ILVQ A1 LCNN =Fh 57kt 47 e, Horp
KNN SyEAE R b, AE R 53 2K B 3a AT I R] 1)
FEHE.

R6 MBI B

Table 6  The information of large scale data sets
Hpisk FFIE I E FEAEL
Magic 11 2 19020
Shuttle 10 7 58 000
Skin 4 2 245057

MR 7 5, KNN RCRBUET 20 845, 6
RSB R AT, P s AT A . M
LCNN Sk A e/, soh, CNN Sk 7338
K 1B e s 4 LU S 38 2 - JLA P R AR, i Jis 9 A
XAV fE bR B R TR, Mo L TLVQ mik
HEE AN S, LONN Sk R B A ab B R %
PRI X FERG L o 4 L R DL KIS AT I T 25 S 1

gifr BRI s (14518, LONN §1ik2
PR ) S R RS, RE SRR I R R AR
HAECREFBLLS 1) 73 SR BE AN S 4 LU £ A R e e |
P TIBAT L, FEBL T FOR R R Ak B )
5 hE
BT RIEAE A S0 M

Table 7 The experimental results obtained by compared
algorithms on large scale data sets
ik Magic Shuttle Skin
I IEHE L 81.34 99.8 97.28
KNN JEAELL 100 100 100
IEAT I ] 1275.6 19024 212837
ey s 75.13 68.89 95.78
CNN FE 4 L% 45.69 31.18 33.16
IBAT I [ 913.72 7659 94 267
I IEH L 78.13 98.31 98.81
ILVQ FE 45 Lk 19.67 13.26 18.41
IE4T I ] 482.6 2356.8 10319
IR 79.84 99.59 97.95
LCNN H 4 L% 17.32 7.53 9.34
JEAT IR IR 315.8 751.4 3753.7
4 g

LCNN 7 CNN JEffi B 5N T J5i 8 5 57 S,
TH I T AR S A AR RN 2 A SR AR R R A TR 1 1R A,
Ta G IR 2] | BhATEH, TSI R B A R B A&
K. LOCNN Sk iz o AR 7R R 41 2k 4
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