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ABSTRACT

Nowadays, many business organizations want to get the predictive ability, Artificial
Neural Network is a one of pattern of Artificial Algorithm to used for computer. In commonly
Artificial Neural Network is use a principle of the search for optimum value of weight from data.

Particle Swarm Optimization is new way to used for finding the optimize Neural Network weight

in concept of social behavior.
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End
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i ITteration 12 particle 11 has fitness: (0.5792222052112611)5
Nuraber of Hidden Node ¢ 25 Iteration 15 particle 1l has fitness: (0.5804830135198351)] |
Iteration 18 particle 1l has fitness: (0.5810214721032049)| |
Mumber of Output Node 1

Iteration 25 particle 1l has fitness: (0.5818157649794656)
Tteration 38 particle 11 has fitness: (0.581906521245337)
Iteretion 39 particle 1l has fitness: (0. 5822046337489075)
Iteration 44 particle 1l has fitness: (0.58382921146370986)
Iteration 45 particle 11 has fitness: (0.5856750205909702)
Iteration 46 particle 11 has fitness: (0.5874011873707762)
Iteration 47 parvicle 11 has fitness: (0.5890055346375433):
Best Treining weight : { x Son 42 wiala 1l aea£i O £00ARK2L6RZEON2 £

0.08531432020311536 -0.162% -—‘—IM [

Tl ~ -4

Best Weight for Neural Network

JU 4.10 w11 2.3.1 + 115199 Training

HoFumsTuinTee Training Aldauszdonimihiilumsasiudamitloudh
"lﬂ".h"lsé’ﬁ’]auﬂ'r?igﬂéfmmmﬂmuéfmﬂﬁuﬁ’w?aﬁqf’ﬁéJ"a%z'lﬁ'ﬂﬁu"lﬂuf’fmauﬂsaﬂi’fayahﬁ
iofioz 1&TiFuna Tl Al dnudesiosande

® 1}y Training : 1¥dmivnailed1414i5a foyaudaii ldnsendeyaifiosdu
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4.1.11 ¥¥19 2.3.2 : %9190 Testing

= Neural Swarm Prediction

File Setup Run Help

Checking your data property and Testing

Check your data property Testing Result Table
Training Data File ¢ BUSI4_nor.txt Input 1 Input 2 Input3 Inputd _ |Actual Outp..| Predict Out...
0.4227895... [0.4072229... |0.3804483.._[0.4657534... [0.4794520... [0.5015149. ||~
Tasting Data Fie : BLISTA_por s 0.4072229... [0.3804483..|0.4657534... [0.4794520...|0.5043586... |0.5041548... || _
0.3804483.. [0.4857534... [0.4794520_. [0.5043586... |0.52426839.. |0.5190104__ || |
Best Fitness 1 1 EABORT 19 0.4657634... [0.4794520... [0.5043586... |0.6242839... |0.4987546... |0.5228251...
04794520... [0.5043586. (15242830 |0.4987546... |0.4234122.. |0.5176190..
Number of Particle 1 Lid 0.6043586.. 10.5242839... [0.4987546... [0.4234122... [0.3267671... |0.4967469...
) 0.6242839... [0.4987546... [0.4234122.. [0.3287671... |0.3850523... |0.4697260...
Fenbe ot iarsdons e 0.4987546... |0.4234122...|0.3287671... |0.3860523... |0.3225404... |0.4780989...
i Vasakyen o 0.4234122.. [0.3287671... [0.3860523... |0.3225404... [0.4937733... |0.4561117...
0.3287671... [0.3860523.. [0.3225404_[0.4937733... [0.5330012... |0.5097541_..
Nmibar of Tt Nodad 4 0.3660623... {0.3225404.. [0.4937733..(0.6330012... [0.5367372... |0.5141488...
103225404, [0.4937733.. |0 5330012... [06367372... |0.7403486 .. |0.5318046..
Nuriber of Hiddaffiodl 2 0.4937733... [0.5330012... |0.5367372... [0.7403486... |0.6145703... |0.5814860...
0.5330012.. [0.5367372...|0.7403486... [0.6145703... [0.7061021... |0.5487120...
Number of Output Node : 1 0.5367372... [0.7403486... |0.6145703_.. (0.7061021... |0.6251556... [0.5879678...

0.7403488.. |0.6145703... [0.7061021... [0.6251556... |0.5230386... [0.5517980...

0.6145703... 10.7061021... |0.6251556... [0.5230386... [0.5311332... [0.5372548...

Best Weight for Neural Network

908580774 0.5342013088578438

0.7061021... |0.6251556... |0.6230386... [0.5311332... [0.3941469... |0.5291656...
0.6251556.. 10.5230386_ [0.5311332.. |0.3941469.. [0.5068493... |0.4871345... |||

acranane. loeataanr T Inanaaaen o enandnn  Incd ane2a.ln EAOOALL
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4.1.12 %1 2.3.2.1 : Graph

£ Prediction Result

Prediction Result

1.0
0.9 ]
087
077
0.6
Output Value n.s; 4

0.3999999999999999 ]

0.29999999999999993
0.19999999999999996 —

0.09999999999999998 —

0.0 ]

Sequence of data

Actual Owiput Prediction Output

31 4.12 uawani$a 2.3.2.1 : Graph

o umsihanfin Graph Aldauznuduminsuaniseazideannmmadey
Tassviwnnyadeyanaaouilalilisuszouluniiee Tesing AfanymzHuns e
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4.1.13 ¥i¥N 2.3.2.2 : Save Best Weight Training

= 'Neural Swarm Pradiction
File Setup Run Help

Checking your data property and Testing

= Training : Save Current Best Weight
Check your data

el e -
Training Data File : Save In: Docuinents v) | [o o= ;iAPrschctOut..
Testing Data File : i R = . [0.5074494...
g 1 My Anather Pic My Pictures [ Kkt 5 2400005 11=
Best Fitniss 1 -1 My eBooks 3 My Temp [ PovD_Mediall | [0.5344357...
Py . 10.5154364. ..
Number of Particle [ My Etc [ My Videos D dsnoa 104578268
Myt EMyvirtual Machines. [ uni2_ote v2 [ [33g34441.
Number of Tteration : (£ My Music (9 My Webs Sites D yni3_ote_v2 . 10.4203293...
Max Velocity : I My Note (5 My Work X ggg;::;: a
Number of Input Node 1 D My Notebook 2 NeroVision 10.5449706...
« # . i e ID . 10.5802841...
Number of Hidden Node 1 . 10.6732874...
File Name: | =7 7] |-Jozs2e271...
Number of Output Mode r . |0.6553664. ..
Files of Type: llll Files l'J . 10.5459861...
. 10.5168156...
== . [0.4911848...
Best Weight for Neurc __.JSM %0 4071843...|—
Best Training vei CEZEE Ty

0.30637667373264193 -0. 913‘4

i Y v ———

Logestng ] [Lvewseh |

[ Save Best Weight Tranng_ |

gﬂﬁ 4.13 UAAINTN 2.3.2.2 : Save Best Weight Training

44 :
W11 Save Best Weight Training wﬂmnngﬁaé’i%’am'lﬁnmju Save Best Weight

L. A 9y P e T v
Training iaRABIM 3 92iwH Iashoasihmininuie 13

L ‘l;lll Save
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dmsulnseuinlsza oy
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4.2 mIinaasdl¥ i tazdFumlusunsa
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luriadetiiunaasuienaaaun1sn1NUIWAUTENINI PSO  5andIAN LAY
Inssiedszamifisuifiosiinsidasuudasmdaudsarequdldanadonisviuiena
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ANWISIGIA g Tnuavesdusgon
2. waftldfisdeefinsandaduinanusmandsuias nanfldlumsinem
3. i519zhans hinfFeunasmifinesda iy TasaiodssamifionTaos e
Usuin 1k aio Ui
3.1) $1auvesBunnInug =4 Inua
3.2) $uanvoueinnTnua =1 Tnua
4. saihdoyaildlummacouinainduled hpsforecasters.org. Tnuidoves
94710371 International Institute of Forecasters Failuu ladiiiingusyasditofioznszquns
W uagnszats msldamanudifeatumsnensal 7 185umsfusesnudaludn
wosdoyn Time Series FafiilSuimdoyasmauilseuta 160 gadoya wvinsmanon s
dnuuzyiiadeyaldun BUSINV, COMPIND, FIXINV, IPDIMP 110z REALGNP
5. 1iznanesonzidoavestoyaiiszinmaney ddere Ui
5.1) BUSINV dludoya mstﬂ%uuuﬂammﬂ?mmﬁuﬁﬁmﬂﬁanﬂq 3 (Hiou s
7l 1947-1987 naziidnuaizvesiaetradeyadunuudelud
BUSINV 4 163
99.600  97.100 92.800 106.500 108.700 112.700
115900 111.800 99.700 84.500 93.700  83.500
111.000 117300 117.900 150.600 130.400 145.100
132100 115700 117.000 95.000 113.100 114.900
5.2) COMPIND (Tudeya minj?;uumJawaqmﬁ‘nﬁﬂ'mauLmuﬂmqsﬁ%ﬁ'lﬁ
Reafunianuasnssunne 3 ey &audil 1947-1987 uazfignuazyos

o ] 9 3/ [ Y dy
aresndoyadunuuasne liil



COMPIND 4 163

17.400 17.800 18200 18.600 19.100  19.400
19.800  20.000 20.100 20.100 20.200 20.200
20.800 21.100 21.500 22.100 22.400 23.100
23.600 24.000 24.100 24.300 24.600 25.200

5.3) FIXINV 1fludeya nsasuudasnasamswizdunsiii liidoaduns

“t @

@ a o 3 1,
asuiszianedaimzunindnng 3 iou dauntl 1947-1987 uaziidnuase

t4
voedrendeyaduundase 1l

FIXINV
123.200
125.900
111.100
134.400

4163
121.100
129.800
121.400
132.500

119.900
123.800
131.500
133.200

122.200
116.900
132.100
134.000

128.300
110.700
128.000
123.300

125.600
108.000
131.900
132.000

5.4) 1PDIMP ifudoya msufdsuilasimiuineniidasvesdudniudmng 3

¥ t 4
Ao Aaudll 1947-1087 ungiidnuaizvesdedndoyadunuyudade i

IPDIMP 4 163

19.900  21.200 21.000 21.600 22.000  22.400
22700 22,600 21.700 21300 21.000 20.900
21.000  21.400 22700 24.300 25.900  27.300
27.200  26.300 26.000 25.600 25.000 24.700

5.5) REALGNP r‘i‘]u%’eyammﬂﬁuuuﬂawmwﬁﬂﬁmﬁuaasauﬂiwwﬁnﬂq 3
14 1 4
1Aou Audl 1947-1987 uaziifnuaizvosfetudoyadunuudadellil

REALGNP 4 163

1056.500
1116.300
1148.200
1349.800

1063.200
1125.500
1181.000
1356.000

1067.100
1112.400
1225.300
1369.200

1080.000
1105.900
1260.200
1365.900

1086.800
1114.300
1286.600
1378.200

1106.100
1103.300
1320.400
1406.800

o ° <
6. ANYULVBINMIUAAIHANIINARBITTIIMIUAAIMIs NagUnamInaasaiiumis
Y0INN YA Lazezimsuaansldauvesdoyanisindalasetie uaznsdiuvesms

v H T
nadey Inssgvesgamorniminiidfigauoudaznisnanes



51

o Y & Y o ¥ g )
7. imesiimsudsdeyanimuavesagadeyaiinz 19 lunsnansseeniiu 2 diu

A ldun yalndaTassedssamidion 70% uazyanadevlassiodssamifion 30%
8. 1:1vviimsiuiaoudeyn (Nomalization) 1#fiaeglugesendne 008 1.0
e lddeyadinnumuzaniunisldfaususanesinduaziie I iauaeandoafy

< i o 4 ida = < ’
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Y ¥
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von lawyufe
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newmax = max + 5%
newmin = min - 5%

newdata = (data—newmin)/ (newmax — newmin)
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newmax 719 Joyainfiiigagaignilinauda
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X A aa ° ] Qo N
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421 MnAReadi 1 3y BUSINV
42.1.1 managlwamimanesd 1

M3 4.1 Wumsuanimsnaplsumanisnanssdalu 1 mmaasserims
NARDIT A 3 ﬂ§054ﬂ51ﬂ§]ﬁ1‘1100 #1 Fitness 1, 1 Fitness 2 a1 Fitness 3 §a015197 4.1
Tnoezisznoul@ronansailiud T sunsaienua 11 gadaufiu sztuilumsnanes

1 q’: 9 = o o’/’ 1w d' & Y J o Y v ~ 14
llﬂﬁzﬂiQllllli'lllﬂ'liﬂi‘l]ﬁ\?ﬂ'lﬂ'Jll'lli'ﬂlﬂilﬂuﬂullﬂNaﬂ177]']14'101’11@]ﬂ'l'l]llﬂ'lﬂ'ﬂll(}ﬂﬂﬁ\?

anfustiannd i@

11k) Number | Number Max. Number m m M

naaod | Particle | Iteration | Velocity | Hidden Fitness Fitness Fitness
‘f’;l Node 1 2 3

1 25 150 0.04 10 2.1796 2.2588 2.1892

2 25 300 0.04 10 2.2817 2.2859 2.1990

3 50 300 0.04 10 2.2731 2.2341 2.2823

4 25 300 0.08 10 2.2829 2.2850 2.2793

5 25 300 0.12 10 2.2569 2.2671 22441

6 25 300 0.25 10 2.2339 2.2337 2.1987

7 25 300 0.04 5 1.7336 1.8799 1.8664

8 25 300 0.04 15 22825 2.2925 2.2826

9 25 300 0.04 20 2.2990 2.3022 2.3055

10 25 300 0.04 25 2.2954 2.3013 2.2961

11 25 300 0.04 35 2.2989 2.2989 2.2990
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] ¥
A13197 4.2 &I‘Nﬂ'ﬁllﬁﬂﬂﬂ'ﬁ'N'L’fi.ﬂi'JllNﬂﬂ']i'ﬂﬂﬁﬂQll'U‘Uﬂ'lii')ﬁﬂ'] Fitnes 19 3 ﬂ'll‘?l"l

3 @ o 1 o A A o a o9 Y a 3
AWYHU LATHIWIWIAUNDY lWﬂ‘ﬂWﬁuﬂiﬂwﬂ'15fll'l'3tﬂ5'13111]83;].111?]\1101“710\1‘1111

M3 Number Number Max. Number nmﬁ“h’s'lu ﬂ’]méﬂ
'ﬂﬂam‘ﬁ Particle | Iteration | Velocity Hidden ms?lnaau Fitness
Node Gmﬁ)

1 25 150 0.04 10 29 2.2092

2 25 300 0.04 10 61 22555

3 50 300 0.04 10 115 22631

4 25 300 0.08 10 60 2.2824

5 25 300 0.12 10 62 2.2560

6 25 300 0.25 10 59 22221

7 25 300 0.04 5 41 1.8266

8 25 300 0.04 15 78 2.2858

9 25 300 0.04 20 102 2.3022
10 25 300 0.04 25 119 22976
11 25 300 0.04 35 145 2.2989
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Prediction Result
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i Prediction Result

Prediction Result

Output Value 0.57]
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Sequence of data
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4.2.2 M3INARLAN 2 Y932 COMPIND

4.2.2.1 managluanimaaseii 2

{ o 24 0
9‘1151\11"‘] 4.3 lllLIﬂ'lil!'dﬂqﬂ151\3ﬂ§1]7')“”ﬁﬂ’]5ﬂﬂaﬂ\]"]f\’1u 1 MINARDIITNING
¥ b4 *
NANBIIMNA 3 AFIAITINGAIYBA A1 Fitness 1, A1 Fitness 2 HOLA1 Fitness 3 HIA15197 4.3
8 b 4
v @ Y o g
Tavszisznou ludronanstfude sunsuianun 11 yadaoiu sxiuilumsmanes

' S ¥ A v o 1w a oA o ' o dy v ety v
llﬂazﬂiqllllﬁ’]l]fnﬁl]ﬁUﬂﬁﬂ?ﬂ?llﬂiﬂlﬂNQUﬂuuﬁN'ﬁﬂ’]i'VI’]U']UW"lﬂE]'HHJﬂ'lﬂ'J'INQﬂﬂﬂQ

aefuediannd 14
ms Number | Number Max. Number m M m
NAQavd | Particle | Iteration | Velocity | Hidden Fitness Fitness Fitness
'?Il Node 1 2 3
1 25 150 0.04 10 47.1667 | 21.8534 | 86.3705
2 25 300 0.04 10 97.3189 | 96.1938 | 91.7997
3 50 300 0.04 10 75.0745 | 96.8050 | 104.801
4 25 300 0.08 10 97.1413 | 97.4688 | 95.7831
5 25 300 0.12 10 28.1287 | 27.1141 | 100.2298
6 25 300 0.25 10 75.1820 | 15.0577 | 78.8684
7 25 300 0.04 5 4.2041 2.8581 4.4194
8 25 300 0.04 15 81.8340 | 82.2847 | 79.7559
9 25 300 0.04 20 70.7056 | 65.0939 | 65.8598
10 25 300 0.04 25 743631 | 65.9873 | 73.3811
11 25 300 0.04 35 55.6620 | 68.1697 .| 62.5981
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{ ' R q’: ()
AN 4.4 ﬁ‘]ummﬁmmmﬁi_ﬂsauwamswﬂamuwmsmum Fitnes Y14 3 AN
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M3 Number | Number | Max. Number | nanildlu | suade
Ylﬂﬁm‘?'l Particle | Iteration | Velocity Hidden Msinaou Fitness
Node Gu)

1 25 150 0.04 10 29 51.7968

2 25 300 0.04 10 61 95.1041

3 50 300 0.04 10 115 92.2268

4 25 300 0.08 10 60 96.7977

5 25 300 0.12 10 62 51.8242

6 25 300 0.25 10 59 56.3693

7 25 300 0.04 5 41 3.8272

8 25 300 0.04 15 78 81.2915

9 25 300 0.04 20 102 67.2197
10 25 300 0.04 25 119 71.2438
11 25 300 0.04 35 145 62.1432
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Z Prediction Result

Prediction Result
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