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Abstract

In this paper, optimization technique such as particle swarm optimization was used to optimize the parame-
ters of fuzzy Extreme Learning Machine, While the learning speed of conventional neural networks is very
slow, that of Extreme Learning Machine is very fast. Fuzzy Extreme Learning Machine is composed of the
Extreme Learning Machine with very fast learning speed and fuzzy logic which can represent the linguistic
information of the field experts, The general sigmoid function is used for the activation function of Extreme
Learning Machine, However, the activation function of Fuzzy Extreme Learning Machine is the membership
function which is defined in the procedure of fuzzy C-Means clustering algorithm. We optimize the parame-
ters of the membership functions by using optimization technique such as Particle Swarm Optimization, In
order to validate the classification capability of the proposed classifier, we make several experiments with
the various machine learning datas,
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Particle Swarm Optimization,

2 =92 20158 E YBhsmol
wHIX|Zofl QlsiM 2 =

This is an Open-Access article distributed un-
der the terms of the Creative Commons
Attribution Non-Commercial License
(http://creativecommons. org/li-
censes/by-nc/3,0) which permits unrestricted
non-commercial use, distribution, and re-
production in any medium, provided the orig-
inal work is properly cited,

.M E

ICT(Information, Communication, Technology)f’?] wgz olsle] Hlo|[HE AAF - #
% 5 Y v O SuEo] ALBEL k. olgh 2ol WolElE AL F%
o5 9\)\‘C FoEo| tgshge R g wig- vk 1} FeE 7121 dolelEe] wid At
FEHoAL ot

ol¢} o] AT HoJHEL ALB|EE oldfatAY F5<] ool g HAdA

T N = S1A
42 Al 9 SlE AeEe oldh B Uitne dolHE Aa 71E - whel
o ou|7t Sl AHRE AAUlE ZIEEcld. ol JeES FHalY| {ste] Tkt &
ol 77} AaAE ek,



Journal of Korean Institute of Intelligent Systems, Vol. 26, No. 1,

February 2016

53 2utdd 71715 Fate] AitEe delHE: AE
olBjet ofyet B dlolE7l Ao AitEnh o3t
F79 HolgEe dlolg o] o] wie- & 37t fﬂ’f‘-b-"
o dlolE o] Apgdo] v 2 7%, olHet ol ERat

A3 BR71E SAFATI7] g AR ALt i’é}-—

- AN, 27719 Held #dH £7 dv= A &
7§

©°
JJrE EODH]

b
&l
m
n)‘i
:(H
= on
A_

N
2
rz
}1
[t
o

of zlste @Eﬂ«] *ﬁﬁli } 12
I (Deep Neural Networks; DNNs)Z.
1 olr/}

wf-$- Eél‘} TZ2E5 7H2] DNNs#t 22 A3 232 v
T e Y B *3153_ Hol&= ¢, Y Ega9 727}
W% e whzol Edae] shelrlEE 824717 ¢
ato] wf¢- @ ARE SFAAE AAk Frt, olg T2
ARl MRS 2] Bl =d & EE s S8t
o] Extreme Learning Machine (ELM)o| AQFE AT},

BME SiEel A48z stehlE e 844717)
3le] AM&-E= Gradient Decent 7]%Fe] Back-propagation &}
SPUE ABEA wET wEes wwe 9l
Back-propagation &1g]&2 g &7 A7MA] S#: A7HS
2ESHE gl gl

olgl ] ELM2 UybAQl NI Rgolr Shag
ARHe 249Se g E AdstA dAsta, 24F
=283 Abole] "ebr]ElE pseudo-inverseZ o]-&3te] AA
ek, oot e Sg AE AGonA dumel 173
2ko] RS 717 oWl &5 AlZtolge UAES
SE3L U EYAY S5EEs e w2A 7jdsalen,
WEsiael dust s AR B, 6, 8

‘/ F
r&
oftt
i)

1_4

fo

o

<l ok

220
=]

o&m
oo

Akl A 719 B F4) A4 49 olee o
WHoR AE7le) dojd ARE FepHom BA ¥ 4 9
the A1e 7H Aoz deiA ot 53 914 mde
olzel W% BAg B wAtkn iAok & A7
oA oA Z1ed 54E 717 SiA 2ol 3% 479

A

2o AHE Agsly] fate] 94 EIME o83t

L okl ##] EIMe] dubAel Y EYT T
Z9} srubdo] ojs] AWl 37 LMo WAE RRS
7@t Y 2F712 ol&HE A EMY| 245 Tzt
HE HHgs7] kel AREE PsO darglE tisle]

EEEEs
vhmtez, AR | B9l Y BF A5 97t
871 slstel dekt A1ASHE dolEE olgate] Agsha

7HA ELM¥} o) =o|| 701t EAJL 717 H# RdS

Ho

1=

ZAgrel 3R] Extreme Learning Machineg 3|8 EF7|2 A}
Yol

2.1 Extreme Learning Machine
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Fig. 1. Basic structure of single h1dden layer feed-forward
neural networks
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Table 1. The parameters of particle swarm optimization

Parameter Value

Max, generation number 100
Swarm Size 200

Winin 0.4

Winax 0.9

¢ 2.0

G 2.0
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Table 2. Characteristics of Machine Learning Datasets used in the
experiments

Data Number of | Number of | Number of
Classes features patterns
Australian 2 42 690
Balance 3 4 625
Bupa 2 6 347
German 2 24 1000
Glass 6 9 214
Hayes 3 5 132
Tonosphere 2 34 351
Iris 3 4 150
Pima 2 8 768
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Table 3. Result of Comparative analysis

Data PSO_FELM FELM
PI EPI PI EPI

Australian 24.06 28.12 4442 44.49
Balance 8.12 9.28 9.88 10.88
Bupa 25.07 32.46 41,88 40.87
German 25.63 28.20 29.72 29.70
Glass 25,82 31.33 45.32 50.51
Hayes 31.07 44.02 51.69 56.92
Tonosphere 9.93 12.46 20.22 21.16
Iris 2.33 3.33 1.33 3.33
Pima 30.08 30.46 34,89 34,89
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