Fa44 B
2017 4E 4

I

]

it B W A % Vol. 44 No. 4
COMPUTER SCIENCE Apr. 2017

poust

B Y IR AR 3 22 ST

O FREXE TR RER
(TR FEEFEK RE 071002)" GEMFEFRITHEANAEE TRER BN 061001)?
GENBUYERFRELETIER B MN061001)° (FRAELHAEXRHEEZ 4 KE 050043)
(FMhEHAKEFEEHAFER FXRE 050061)°

H B AR FINASBDIRETHRLSBEAFAREG M, B TREGMRBELIN, EFED
BHEAMBIRERD L, EASHLL FREMNBAKABHA VR A BRE, REET LA SR EIE S ML
THERREAFTAF MBI XBATOLATRE, R EISRERA B FIRORE., B HNEB BN
MEFIN EAREGREZINAH T EAMEG UCI EBEE EHATHE, 2R ARHFE L 2L Fmea
sureif & G-mean EAREE F Lt de i 1% F 5T,

XBE FREHEI R EEITHANEEAET, LRENTAL

h@ES%EES TPI81 XEEARIRED A DOI 10, 11896/j. issn. 1002-137X. 2017. 04. 057

Improved Weighted Extreme Learning Machine
XING Sheng’”? WANG Xiao-lan® ZHAO Shi-xin'* ZHAQO Yan-xia®
(College of Management, Hebei University, Baoding 071002, China)?

(College of Computer Science and Engineering, Cangzhou Normal University, Cangzhou 061001, China)?
(Department of Information Engineering, Cangzhou Technical College,Cangzhou 061001, China)?
(Department of Mathematics and Physics, Shijiazhuang Tiedao University, Shijiazhuang 050043, China)*
(College of Information and Technology, Hebei University of Economics and Business, Shijiazhuang 050061, China)?®

Abstract If the weight of the original weighted extreme learning machine is fixed artificially, the more optimal weight
may be missed. Aiming at this problem, an improved weighted extreme learning machine was proposed. The new method
uses the ratio of the sample number of different classes as the initial weight. The weight is adjusted by the weight ad-
justment factor from two directions of reducing and enlarging the weight ratio. Finally, the optimal weights are selected
by the experimental results, The experiments were carried out on the transformed UCI data set using the original weigh-
ted extreme learning machine, the weighted extreme learning machine with other weights and the new method respec-
tively. The experimental results indicate that the improved weighted extreme learning machine has better classification
performance,

Keywords Imbalanced learning, Weighted extreme learning machine, Cost sensitive learning, Single hidden layer feed-

forward networks

- sitive Learning, CSL) HR#EAR R #9458 2 X M4 F AR BT
#r LUBRIRMU B/ME D B R BT 282, BEXRE

APEBRERLEB DT ARMEARRRN BTFE MM EURSET R H , fl Etheridge 4% 2 1 T HER M
Wi | R BB MR S ) K BAFE, AL NP ¥I T SMEHANEREI R, Fu SR RE T 240K M ERM
LA RE R, BRAPEE, BTSSR EEEEMNSS R AdaBoost Bk, Masnadi 1 £ 1 TR EUR K SVM
BABFRHAA. BRATHET T BQHEEREIV ER  EE%,2013 4, Zong Wei-wei R T iAURE ¥ T H,
BERE RN ERETT, RS T (Cost Sen-  BHE—MAM BRI ik, BRZ RIS THRIFNL

g

R H#:2016-11-07 ;384 H #9:2017-02-16  ASCZEF H AR E S WBII H (71371063, 61170040, 61672205) , Wb A W IR &7
R A TR IR (JRSHZ-2016-07038) ¥E .

B BEQ982—), B, {14, JHIB, CCF 4R, BB R AHLEE2 T , E-mail,; cssxing@126. com; EME (1983 —), &, B+, #HIF, 2
e H bl e > IR BRERK (1978, &, W44, PHIW, BB T W L% RERQ970—), &, 4, i, FEHFR
FiEPERES .,



276 it B WA 2

2017 4

RERBREEESNEN Y HERZE REME, MR TEHFR
HEE. SR, A0 TETHMERTHTH
BRI, B S A B3 5 B R SIS L AELAE o D B2k
HRTERALE 1 I B BRI MBNE., ik 1 O BRI
B|ERMTAYET, BRERONEREAE; TE 2 BEd
BEHINE, R EBPEMPERNATEF. HPMITEMN
JEIR B AR R 2 S AL A B s 2 ST P AT R T
IR BE SRR B SO R AR B 2 T B AR B AR 5y EBUR B U

2 AR R S

Zong HHEMEFE IV ER FRE T AREES
Bl WP 2 B 3R R A — R R LA AT 1R
RS, W EAR SRR, R E AR S N A
B AR E RV, # R My HET R T
B B 2 AR , DR AR 3R ST LI 2 T R B AR R
BrrEMRMA. FAREEIVBRAARBENROFR,

Minimize; - | 811 7+C 5 & 1 & |1 * o

st h(x)p=1 —&",i=1,-,N
He S REB&EIHEENNE,CEEMESE, AXE
YGFRENB/MEFAREEN R, & =186, & "
B m MY AXRTFNERES 2 BNFRERNE (D=
[ (@ h (D JRMARER z HBEEE LABREY
B, BES x ¥ BiREE, N BB RGNS

To oAU S S HLEER (D MR 3 n THRE W, L
TR T BRARLEER,

Minimize, - || 811 *+CW 5 2 || § || @

s. t. h(x; )=t —&T,i=1,+,N

SCERL11 AR ESERE W S AR LTE W R (DA
FEE,W R MSTTRSER O,

Wi =1/num(c;) ,when t;=c;,i=1,++,N;3j=1,--,m

3

Hir,o, BE A2, num () B ¢; BRI N R
+ym BEHIAE

B BT gE 2 B B AT AR B T io K Ab A R S 14
Wit ARSI B S BT R (D) SR T B
TR FHPUE T HFHIRER. BRZFEWNERE B4
X B s R B A E e, T i Seak (11 1
WEHAT T B, 425 m=2 B}, BUERIF

Wem1—2D g @

jglnum(c,-)

ERERBRARAFTEFRBH>REREFES,BR
IE B E 81—, A8 B 18 W AUEE B A R R BB BT
BWA MR ISR, AXBEMRYEF, EREE—
SETE A G AR AL, 8 T SRR ORI R E A A .

3 BRI AURIE S I
BT IR B ST LB E B A N e B BB, K4

BAR—EARI R AR . TS AU & % I Pl (-
proved Weighted Extreme Learning Machine, IWELM) i i
O E A B TR O, HANEMNREHERERASE,
MR THA - ESEE NS, MUT AR I PR R
VAL R RS T » SOt i B B AR AL R BB (2) i B b s im
THE®ENEFERS O

Minimize: 3 || 81) 2 +-COW+)5 3 11 & | *

5.t h(z)B=1T —& yi=1,-+,N (5)
SRR (5) , 5 AhkE B H K%K

LBa® =1 1| 81 +COW -+ 28 — Sa iz

t:+&) ®
Hi,o RAKBPBERT. RIENERQBE ) D BRKE
HEHETE.

aL, N
Dam =0—>f=2ah(x;)"=H"a D
ap i=1
aL
;g’w =0>g;=C(W+P)§,i=1,-,N (8)
aL,
aDali,M =0—h(x;))f—t:+&=0,i=1,--,N (9

WF K (7 — KO T LRt % T 72 Dt sl A Dt i w9
ARRAR B:

f=HT (% (W) HHT) "' (W) T, when N<L
(10>
B=(E+H (W+®) H) ™ HT W+ T, when L<N

an
Heb, H RSB HER, T 2SR,

h(xy) 5}
H=| : |,1=/:
h(IN) In

EREPBRBE L, 8 A R 51RE 54 B0 b (8 sk
BFREKRMNE. EHFEHZHBENERE W= 1/num
Cema) s PBBEEIIE R Wien =1/num (cvin ) (num (v T 7R
ZBFEB] B num (ovin) TR L BEMBEFAEO . K
THENERYESESE BB E Wik.itE R 1, 0%
KB W v EEN SIS DR A A, B .

Wias 1

Wit numCers) /numCenm)

# ratio=num(ova ) /num (o) » T (13) 7 LLE L R X
14,

Wi 1

Wwn ratio

FRE RPN WARENT .

, 1, when 2; = cmax

Wi= s

ratio, when t; =cmpn

SNERETEFEE @ WAR ETER 0: (=1,
N,N BREAIANBOFRARF T ERH#TRY, © TR
A0,

a2

a3

(14)



%4

R, SF BRI R T B 277

FE—FHEAWELMD ; B S HEEMANE, R X053k
HY A TR fHGE X9, By D B A E B R LA EF M
0, when 2 = cMax
{§0\§0€(—1,—O.9,'",1)}, when 1; = CMin
KA EFFFEONER A PEAAD.
1, when # =cm
W,;+‘1>a={ : an
ratio+¢, when t;=cmn
PR (OWELM2) . DS ERFAZ, , WAL
BERIE, BV E M ERHNER 1, T UAPFEFAR
BB B/ AR, I EF M —0. 5 Z54kF] 0. 5, K H0. 05, [F
BRI ®E., HBEFAFE L AR 2 NENRYBEE
KBRS EHEF ¢=0.5 8 ¢=—0. 5 of , Y FRBINE
ZEF AN T LB KT 2 45, AR ENEE
EE[“O
_ { {@| € (—0.5,—0. 45,+:+,0,5)}, when t; =cmax
i 0, when #; = v
as)
KA M ERA)HERRA):
14+¢, when ti=cmm
W +<I>a={ . a9
ratio, when f;=cmn

FRADHRAD FHRAKR QO HHERAD, #4537
TR B BRIRBAK.

4 TWBLERSH

4.1 XBiEit

ERAEUER 4 4 UCILEEEMN 1 M EEREE L#
7. M TEEEER RERP K BHRNERRE R B —
2, AT A E PR BEESE , K 4 Ml BB E N
ecolil, habermanl , yeastl,glassl, Btz 4h, R 0I5 BEH&
f) banana $3R4E , LUSERRFT B0 F L EXEEETR
A . ERPHTRABIEEN ARG R NE 1 5 CERIAR
S LU R SRR A S DR BN U L (ED

#1 XBOBERER

BEE .13 LUk 3 8- 4 %5
A% HAAMK BAAE FEHER
ecolil 7 268 68 3.3934
habermanl 3 244 62 2. 8125
yeas] 8 757 190 30. 5417
glassl 9 171 43 1. 8500
banana 2 800 200 1

SERRT He T AR BN AUR B2 S HLCLA T AR WELMD .
B R INAUR EF I P (LT R# Y_WELM) KA & &
SCHR H B R B0 AR 22 ST AL IWELMI #11 IWELM2, %
THELE, TRPEEEY SABE—EEN 100, 805 &
¥R A sigmoid BH,CHE(27°,27% -, 2% ) PR KM, B
BREFTEAIMAREEIVNREERARTR S ENRE
FURE, I KM B Y_WELM F%7Jr & # IWELM1 1
IWELMZ 1, BB WS R N ESNENRYE X, BEHR

BLRERRYBFEMHNE.

R AT T R R R R B KRN0 KBCR,
EEZIFHIREEENES BRI STRRR, BT LK,
BT 45 % 3 (9 OF 4y #5 o — MR A} Frmeasure™™ 1 G-
mean" % X E P DB T RBORATRIEI . S
BIETFEGIFOIRAER , WELETIARBER, 10 2 Fr3i.

#2 RWERE

FHHEX FRAAX
EHRAEHX TP FN
ERYHAX FP N

F-measure B3+ B AR :

(1+B%) * recall » precision
B % recall+ precision

o, BTSN, — R 1.

(20>

F-measure=

precision= 'I_‘F%P @D

P )
reca —TP+FN

G-mean BHE A

TP N
G-mean ‘\gp TFN* TNFP @3

B4 F-measure I E T IEX (O A28 E, W G-
mean —ft ISR PEAN 328 8% % 2 38 Fn b B A Bk 43 23
B, BT AR S R R 805 0 B4 2R 8 AT A .

4.2 ZBHERSH

MFE 33— 6 WERE R LUE Hild IWELM1 #1
IWELM2 #8318 F-measure {8 ,G-mean [E#FZ & T FR B0
Bk EZ I VBT . X IWELML f1 IWELM2 B
HISL 3045 B0 A1, 7 F-measure {HJ7 1 , IWELM1 7£ 1 MEIE
4E (habermanl) F 8§ 0,7 1 B £ (glassl) £ 55 IWELM2
#5,7F 3 BB (ecolil, yeast] , banana) _F{&F IWELMZ;
& G-mean {8 4 T, IWELMI1 7& 2 /4~ ¥t £ (habermanl
glass1) H#EES, 76 1 MEIEHE Cecolil) b5 IWELM2 #F, %
2 N EEEE (yeast] # banana) Ff6F IWELM2 Fg: (FEHHE
BEEAFTHAEFTRBERE FTAROBERSR
IWELM1 #1 IWELM2 R 8 LE) .

=3 IWELMI1 # WELM i) F-measure 3¢

22)

R WELM TWELM1
C F-measure C @ F-measure
ecolil 2he 0.8107 2A(—4) —0.9 0. 8267
habermanl 275 0.5901  2A(—1) —0.2 0.5957
yeastl 2M 16 0.2120 2A(—11) —1.0 0. 2392
glassl 2h9 0. 5946 272 0.1 0.601
banana 2A 21 0. 9611 2A39 0.7 0. 9639

F* 4 IWELM?2 #1 WELM # F-measure L3

WEE WELM TWELM2
() F-measure C [ F-measure
ecolil 2h6 0.8107 2A(—4) 0.40 0. 8280
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yeastl 2715 0, 7516 2h 4 0. 20 0. 7571
glassl 2/ 9 0. 6183 2A2  —0.05 0. 6204
banana 2721 0. 9610 2718 —0.50 0. 9694

# 7—# 10X T Y_WELM,IWELM1 1 IWELM2 £y
TR, NERERFTUEY, Y_WELM #l WELM /4
AR MEARK, WA LIR & 9 IWELMI F1 IWELM2 J5 8
WERTF Y_WELM ¥,

# 7 IWELMI1 #1l Y_WELM ) F-measure 3

. : Y_WELM i TWELM1
C F-measure C [ F-measure
ecolil 1 0.8096  2A(—4) —0.9 0. 8267
habermanl 2/ 1 0.5880  2A(—1) —0.2 0. 5957
yeastl 2/ 11 0,2123  2A(—11) —1.0 0. 2392
glassl 204 0, 5946 2h2 0.1 0.6011
banana 2M14 0. 9602 2/ 39 0.7 0. 9639

#F8 IWELM2 #l Y_WELM K F-measure H.3

W Y_WELM IWELM2
C F-measure C [4 F-measure
ecolil 1 0. 8096 2A(—4) 0.40 0. 8280
habermanl 201 0. 5880 2A (-1 0.10 0. 5944
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