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Extreme Learning Machine (ELM) \dJ u"i?umuﬁ%'ﬁ i
A5 HlaTaaF9nIIvinIuUULY Single-hidden layer
feedforward neural networks (SLFNs) Weiagnglsniena ELM
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random search (OSSRS) 1 lElunsaumeansiminlu
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0.72%, GSO ELM 0.67% L8z ELM 1.63%

Ard1AYY. LATesanTTBuiiangesy, Tuaawitnsiios,

miﬁumﬂ"]ﬁmmmmmumﬁﬂsﬁﬁmu@ ad

Abstract
Extreme learning machine (ELM) is a new learning
algorithm much faster than traditional gradient-based learning

algorithm, was proposed for single-hidden layer feedforward
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neural networks (SLFNs). However, ELM use random
determination of the input weight and hidden biases may lead
to local optimal. In this paper proposes a hybrid learning
algorithms is proposed based on Optimized step-size random
search (OSSRS) and Firefly algorithm to select input weight
and hidden biases for ELM, called Optimized step-size random
search Firefly Algorithm Extreme Learning Machine (OSSRS
FAELM). Then comparison the performance with OSSRS FA
ELM, ELM and other a hybrid ELM trained to find input weights
and hidden biases by Firefly Algorithm, Differential Evolution,
Group Search Optimization. Experimental result show that
OSSRS FA ELM is more accuracy than FA ELM 0.26%,
DE ELM 0.72%, GSO ELM 0.67% and ELM 1.63%.

Keyword: Extreme learning machine, Firefly algorithm,

Optimized step-size random search.
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2. 33uiiigates

2.1 Extreme Learning Machine
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2.2 Firefly Algorithm

Firefly algorithm (FA) Qﬂﬁ’]LﬁuaI@m Xin-She Yang [5], [6]
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2.3 An optimized step-size random search
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Begin

Objective function fix), (X, X, +ees X))

Generate initial population of fireflies x(i=1,2, ..., n)

Define light absorption coefficient g

Light intensity /, at x, is determined by fix) where 1 is

RSME obtained by ELM

While (t < MaxGeneration)

For i=1:nall flyfies
For j=1:iall flyfies

If (1> Ij), Move firefly x, towards X, End if
Attractiveness varies with distance r via
exp[-gr’]
Calculate of by OSSRS
Evaluate new solution and update light intensity
by fix)

where a new light intensity is RSME obtained by
ELM

End for
End for
End while, x

oy 10 Weight and bias for ELM
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DATASETS | Attributes | Classes Rows Train Test
banana 2 2 5300 400 4900
breast_cancer 9 2 263 200 77

diabetis 8 2 768 468 300
flare_solar 9 2 144 666 400
german 20 2 1000 700 300
heart 13 2 270 170 100
ringnorm 20 2 7400 400 7000
thyroid 5 2 215 140 75

titanic 3 2 24 150 2051
twonorm 20 2 7400 400 7000
waveform 21 2 5000 400 4600

a’mmimaau’?@mmwugﬂﬁaﬂuu@ia:iamﬂﬁ@h
mmgﬂﬁaavl,ajwhﬁ'u fmsuwdsuitlenasauiasana
andas 100 seu LLﬁaﬁnﬂ"]mwugﬂﬁaaﬁvl,@”u’m’whm'&"ﬂﬁ
ugealuanefi 2 femsned 5 I@ﬂludauwaé'wfﬁgﬂﬁw
Lﬂuﬁmmamﬂwaé’wfﬁme@i'm’s'mgﬂﬁaagaqmaa
wAazans19 wazluaiuves Dif LlunsuaasdIaNLan
@hwaaNaﬁwfﬁvlﬁmﬂé"sLmunﬂé”sﬁiﬂumsmaauﬁu
OSSRS FA ELM 9110 OSSRS FA ELM 'l@enfianinaz
ladndu “+" winliazldandn " wazdndooun
naguiinandluasef 6 faansnef 9 Famn OSSRS
FA ELM l@dnfianinasfiandn " winlaaz @i 4"

A15197 2 Nﬁfl’lﬂlﬁﬂﬂéﬁﬂﬂﬂ?’i&/gﬂ@]yﬂdﬁ‘:ﬁ?”l\i OSSRS

FAELM Uae FA ELM

DATASETS OSSRS FA ELM FA ELM Dif
Banana 89.41 89.42 -0.01
breast_cancer 72.34 71.53 0.81
Diabetis 76.08 76.04 0.04
flare_solar 65.86 65.84 0.02
German 75.16 74.6 0.56
Heart 82.36 81.98 0.38
Ringnorm 89.81 89.42 0.39
Thyroid 93.78 93.32 0.46
Titanic 78.29 78.25 0.04
Twonorm 97.14 97.11 0.03
waveform 86.61 86.46 0.15
Average of Dif 0.26
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Uszansawlumsmeninvsinfivanzan ldaninés Tag
OSSRS FA ELM {AMugneasannnit FA ELM Togiase
0.26% uazl¥anugndasannnit FA ELM Wuduaun 10
Joyailiesadays banana ﬁlﬁmmgﬂﬁaaﬁaﬂﬂd’] FA
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A157971 3 Nan')‘nﬂ?z/mﬁyumvwgnﬁad?ﬁm"m OSSRS

FAELM i8e DE ELM

DATASETS OSSRS FA ELM DE ELM Dif
Banana 89.41 89.53 -0.12
breast_cancer 72.34 70.47 1.87
Diabetis 76.08 74.19 1.89
flare_solar 65.86 65.01 0.85
German 75.16 73.43 1.73
Heart 82.36 80.64 1.72
Ringnorm 89.81 90.12 -0.31
Thyroid 93.78 93.84 -0.06
Titanic 78.29 78.44 -0.15
Twonorm 97.14 96.75 0.39
waveform 86.61 86.52 0.09
Average of Dif 0.72

INANTNN 3 UEAIMALAWIITITNNT OSSRS FA ELM
lﬁﬂamgﬂﬁaau'}ﬂﬂ’j’] DE ELM lamade 0.72% laglw
mmgnﬁaamnnd’] DE ELM ¢ 7 iaga @ breast_cancer,

diabetis, flare solar, german, heart, twonorm L% waveform

a1519n 4 Nﬂfl’lﬂﬂgﬂﬂtﬁill/ﬂ?'l&/gﬂ@]yad‘is‘fﬁ?"}d OSSRS

FAELM U8 GSO ELM

DATASETS OSSRS FA ELM GSO ELM Dif
Banana 89.41 89.28 0.13
breast_cancer 72.34 71.68 0.66
Diabetis 76.08 75.6 0.48
flare_solar 65.86 65.74 0.12
German 75.16 75.02 0.14
Heart 82.36 81.9 0.46
Ringnorm 89.81 87.62 2.19
Thyroid 93.78 92.43 1.35
Titanic 78.29 78.07 0.22
Twonorm 97.14 96.9 0.24
waveform 86.61 85.2 1.41
Average of Dif 0.67

N9 4 uaasliiininisnns OSSRS FA ELM
Wmmgﬂﬁaamﬂﬂ'jw GSO ELM lamads 0.67%
Ta ﬂlﬁmmgﬂﬁaamﬂﬂd’] GSO ELM nnyadaya
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FAELM Uas ELM

DATASETS OSSRS FA ELM ELM Dif
Banana 89.41 83.98 043
breast_cancer 72.34 72.26 0.08
Diabetis 76.08 75.64 0.44
flare_solar 65.86 65.59 0.27
German 75.16 74.79 037
Heart 82.36 81.78 0.58
Ringnorm 89.81 78.17 11.64
Thyroid 93.78 92.88 0.9
Titanic 78.29 77.69 0.6
Twonorm 97.14 96.34 0.8
waveform 86.61 84.83 1.78
Average of Dif 1.63

NN D uaaslitinInIsn13 OSSRS FA ELM
lﬁﬂamgﬂﬁaau'}ﬂﬂ’j’] ELM laoiaay 1.63% laslvainw
andasunnnin ELM nﬂ“g@*ﬁagaﬁlﬂumimaauLﬁa’i@
U3z ENTAIN 189 nRaNNIYNIwYad ELM 135lums
sjmﬁ av‘hmiﬁmu@mﬁmﬁfﬂluﬁuﬁagaﬁnL*’iT']Lmz@h
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1379 OSSRS FA ELM U8 FA ELM

DATASETS OSSRS FA ELM FA ELM Dif
Banana 0.64 0.6 0.04
breast_cancer 6.66 6.75 -0.09
Diabetis 2.76 2.81 -0.05
flare_solar 2.74 2.51 0.23
German 3.42 3.46 -0.04
Heart 5.46 5.12 0.34
Ringnorm 0.75 0.88 -0.13
Thyroid 3.67 4.09 -0.42
Titanic 1.13 1.22 -0.09
Twonorm 0.26 0.31 -0.05
waveform 0.9 0.89 0.01
Average of Dif -0.02

i = = ' A
G113 19N 7 Wﬂfm?tﬂ?ﬂﬂlWﬂﬂﬂ'lﬂ?'lﬂtﬂﬂdlﬂuﬂ’l@]?ﬂ'lu
329379 OSSRS FA ELM Was DE ELM

DATASETS OSSRS FA ELM DE ELM Dif
Banana 0.64 0.62 0.02
breast_cancer 6.66 6.48 0.18
Diabetis 2.76 3.19 -0.43
flare_solar 2.74 3.28 -0.54
German 3.42 3.7 -0.28
Heart 5.46 5.54 -0.08
Ringnorm 0.75 0.84 -0.09
Thyroid 3.67 4.01 -0.34
Titanic 1.13 1 0.13
Twonorm 0.26 0.31 -0.05
waveform 0.9 0.97 -0.07
Average of Dif -0.14
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DATASETS OSSRS FA ELM GSO ELM Dif
Banana 0.64 0.62 0.02
breast_cancer 6.66 6.71 -0.05
Diabetis 2.76 2.81 -0.05
flare_solar 2.74 2.88 -0.14
German 3.42 3.09 0.33
Heart 5.46 5.17 0.29
Ringnorm 0.75 1.21 -0.46
Thyroid 3.67 4.53 -0.86
Titanic 1.13 1.37 -0.24
Twonorm 0.26 0.39 -0.13
waveform 0.9 1 -0.1
Average of Dif -0.13

i = = ' A
G113 19N 9 Wﬂn']?tﬂ?ﬂﬂlWﬂﬂﬂ'lﬂ?'lﬂlﬂﬂ\ﬂﬂ“ﬂ'l@?ﬂ'lu
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DATASETS OSSRS FA ELM ELM Dif
Banana 0.64 0.64 1]
breast_cancer 6.66 4.84 1.82
Diabetis 2.76 1.78 0.98
flare_solar 2.74 1.91 0.83
German 3.42 2.29 1.13
Heart 5.46 3.61 1.85
Ringnorm 0.75 1.41 -0.66
Thyroid 3.67 3.1 0.57
Titanic 1.13 1.12 0.01
Twonorm 0.26 0.4 -0.14
waveform 0.9 0.78 0.12
Average of Dif 0.6

< o <
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DATA OSSRS FA ELM | FA ELM DEELM | GSO ELM ELM
banana 35 35 35 35 40
breast Cancer 10 10 10 10 20
diabetis 20 20 20 20 20
flare Solar 15 15 15 15 20
german 30 30 30 30 40
heart 20 20 20 20 25
ringnorm 100 100 100 100 110
thyroid 30 30 30 30 35
titanic 10 10 10 10 290
twonorm 50 50 50 50 50
waveform 35 35 35 35 40
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DATA OSSRS FA ELM FA ELM DE ELM GSO ELM ELM
banana 53.08 51.65 56.93 58.41 0.0098
breast 0.83 0.79 0.56 0.68 0.0027
diabetis 9.38 8.87 7.94 8.91 0.008
flare solar 9.6 9.25 8.19 9.39 0.0114
german 16.7 15.25 12.87 18.79 0.0154
heart 6.3 5.88 4.48 6.01 0.0042
ringnorm 143.3 136.3 156.8 173.15 0.036
thyroid 6.52 6.21 4.87 6.12 0.005
titanic 19.34 19.67 19.14 24.49 0.0267
twonorm 96.5 91.04 99.78 108.63 0.012

waveform 57.85 56.08 55.04 63.39 0.0067
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