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6 Box-Jenkins autoregressive integrated moving average (ARIMA) model
7 Avrtificial Neural Network (ANN)
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10 Local minima

11 Evolutionary algorithms
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12 Supportive combination

13 Collaborative combination
14 Amalgamated combination
15 Particle Swarm Optimization
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20 Multi-layer feed-forward neural networks
21 Recurrent networks
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24 Test
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26 Performance measures

27 Sum of squared error (SSE)

28 Mean squared error (MSE)

29 Root mean squared error (RMSE)

30 Mean absolute deviation (MAD)

31 Mean absolute percentage error (MAPE)
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32 Evolutionary programming



VY e Slosletol b Sloj (6w (i (i

dsmail et al.) i o 15, Cumer cliel o leMbl (I8 STmsl ulul 5 PSO
S Gt S 5 (mas Al wile ae; 51 (o)lus 55 @ ysSl ol (VWY
5 NS ) & g9yd Ayl Cumer S L w)oNl cnl oo LS 398 Sl lie 3 )Shes
s X1 i g3 1S5 a0 S (e S5 e Ol a0 gt sla)lyS5 3
20y sl old Jols e o yite SOULe iy 4 53 ol 48 Wl e s 4 X
ool ol ol 5 PSO S bl s b Cme 53 S0 it g 055 <S> Jsb
2395 9SS S yie b o (slad 1) 355 (86 )3 ya dlaxdja ) oS
Eberhart & ) w0 waats 5)b 3939 (3l Soluen 13 a5 Sle oy yiag g «B)5,15
93 5l o)) im e g S > g 398 polie 4 4595 L (V420D —)VA0a Kennedy

bl o Cund 4 abail,

Vi =WV +cn (X7 = X1) +c,n (X — X5) ()
X}Jrl = XI] +Vji+l (Y)
o3b 3l onsobsul (T sloinl 5 ls sl il b) (6,55l ulps €, g € ¢3sd Lalsy

‘n‘jb)s wasyo 9 sy DMJULN.» 4&.».:).:4.’)(; 9Vji (el .-\MDL"_;O LSJB).O.@ O
Eberhart & ) aisle lagye &Ylie 4 PSO w56 jidins pend s (slys il oo pl 7 )1,SS 0
Ded o>, (Vo7 ElKady & Abdelsalam) . (Va2ob —V4daa Kennedy

Silwdm @S T
Lmo)foﬁ.gg}nlflolf})]lgAi\fgb)?ui@wwa.cwgiiﬂ‘wa&@&bdlﬁ

ol 00 05 L (V) Jado p0 a8 cleMbl plu .l o0 ool

S Lo sla Shg oY) Jgi

Jboyso3L aodls 031wl :JW) &l ¥ oS a¥ oS a¥ oS
Wosl> (gilw  lalojlepdjgel (gt a¥ g e a2k s 83959
[-1,1] VARRVAN Tansig & purelin \ q ¥

33 Cognitive and social parameters



yyay uLw.w)_ A D)Lcw? - d)}tﬁ 9 UMY \tas

NRleys 3PSO wiysfll 5 (1) Jgio lapiysSl Gl 4 (mas aSd sl ol
4 mas 45w gl ol moie @las sl 03 odlizsl MATLAB r2013a
o3 03> L (¥) gz 1> PSO ool iz 9 (V) Jsi (oigel sl sljl
wio oSl 2 (glil ay el ¢ Bolas lilyoul yialS jslaie a4y oS cawl S5 @ Y ]l .l
() sl s sl oad Blod (V) Jgia 3 Jols laclsn 5650ke g 0 IS5 4550 Y

Aam3 o i Gtale] 5 Ghjael s slaedls (il 4 |y aSid (298 w4 55 (F)

PSO sl cyizen 5 (V) Jodo (oBj90l (sl o8 (il & it slbas oY) Joo

o jlowd w2595 s )34
) trainlm VVYEAA
Y traingd VAR
Y traingdx Z[-EAY
¥ traingda [ tZan
I\ traingdm N¥YYD
4 trainb YOIV VY
% trainbfg VO/AAYY
A trainbr RVARAR
a trainoss a/Navo
Yo trainrp VIEYEY
AN PSO INAYN A

hiel Lisy sodly (glil 4 4l (g5 (V) USS



\Yas e Slosletol b Sloj (6w (i (i

= 1 1 L [ 3 L 1 1 1 1
o 5 10 15 20 25 30 35 40 45 50

Uinlejl Lisu claodly (clil 4 aSis g5 o(F) S5

51 ool b oad ybjgal a8 45 295 o odmlie (Y) Jgdo o b l5ee polie 4 dngi L
ol ] 31 ST il g ot 1505 i ygS Vo 4y o (558 (sllas (gl PSO i 5
D9 e ABpdy IS dnd)B Ve b oS

S5t g Con Y
oW s S maead )3 SIS S 0)lgen (pl y9dS 3 ol 2V (lgie 4 e
olawl b ool cas S asye e Gloj (g dwim 4 adllas cpl 3 o)y ol
2 iz gl Jdo i pbol glp il ol 4By coias as &b 2S00,
¢lp YL Ul 5l ARIMA sl i g)lol (sla Joo wconl odd (Byme pud ams x>
Sy sdiaily Yl was S s Hbyes p elizel b sl > o i
Plao (sl 48,5 )5 & sloJio 3,50 10 oS (sloo Bt ool 53 5 455 oy 5
oyt (gylal Dyge By L) dlwgn pb b Aiws B aSs cpl o) de g calises
&l s @l st bl slagbyy J ppdidlasl o Saels s IS ygbas 5 23
el oyl u,u)yo] 0550 5 SMSie D959 s saSll slashialy don b e
S pioe] Sl srolin il (sl03,Ssg) 3 45 ol 48 o 1 olsan |y S g
514 win LS ey (s Bdes omas a5l al Bjsel (slapi oSl S salizul
bla jo olsl 118 (55m0 1 ojlsen gy pll g WS o odlainl e (gomime s SSS



WA liwo; = ¥ ojlosd - (5y9lid ¢ Limg \Yay

bl & LM o )sS01 ale Lol joSUl cnl glgil J1 (S0 cmizen 5515 5118 (e dinee
18 el Sl pals Budod p3 MU cnl &) el )l 5l Slalxe (sl 3L
2 w2580 ol (55,5 @l & sl oadb olisl aSid el sl PSO el & (5,8
2 e Sl 4 Cond ol Gp Jl Sl lnl cB adye IS glie Guoie
Sy Lol

Ml ol @ e aSs (655,84 10 ojlsen a5 slacudgizwe p e 3l SO
S s o mw hey b Yoome a5 Canl 4500 caslio HUdls s 30 3939 iwroing
Conl (2990 @Sed anbio LB Lo (s sl LSS sl g, I edlitul g8 g0 355 5
oo ey o plodl (G Slaiod (i &l 4B S8 ()5 gy g 3)50 a8 &S
G Joe (65 Sy o Slindie 5 b aiefd Shaofy Cuenl 4 g b orizen 205
@le B (b B pb Cl Bpan g Wy (i Gniie Oeer Slegsse 0yl
D2)5 oo i v g (sousby iy Y guate



V2O e Slosletol b Sloj (6w (i (i

&le A
5 o ootige dbmo Glpl B Cd Cod Gwte » (GMDH) Sasj w880l b (opas
XY=5Y N  blys 58] Co o
dbeo 5 blag 3ol Lsg plaw Ceasd J5 el iy 03 5 — S Glej g S
NNE NN Obly 5s] Copdo 5 S wdigo
LS‘L:'{W .(\Y‘i\) ..)90.7[0 ‘L?W cM.\:LMJ ‘MB]W ‘).é.x? 5&)‘.?}3 c...“.u)Lo 5)9))YLA}
¥ ap Oopen oS ool odlinl b 5l g5 s b cod lpl pdipe clplo
NN V) o sl dawgi g i) (o o Sy Slais] dolilas 95 (MLP)
cdrwgi g il dlro (VAN=Y++F) s ouw)S, 5 mas lbdSid | oolaiwl b eaiSags jguis
AA-NVRSY
Caows Sy Lisl s e wlidpld] oSG (VYAS) o gie codljz 43
b S ik g 9w S (ITAY) rzgte (lime 9 e QIB E9)8 hanls (9,8
b imgy pale dolilad (I meoS CS s Siledinr pipsN g Seiae (pas gl
03)51 )8 85 plaws Cuad 153,90 adlllas (g )S) gy 9 s el odlial b oy 3

L;L:z,oa)ﬂ)é Sy plogw Cuod i (WYY bl abls ¢ sawge cp el dw ¢ LS

Lg ul).:‘ 5 Pl> Cads LsLoLo; EEU (\\“ﬁY) g cbbl}gé)aﬁ Y SR ‘UJBM cuﬁ.wy
N oyl il dlaid] dolidas ARMAX Jas g (ANN) coine ae soasis jl ool
R ACANE

Adebiyi, A. A. Adewumi, A. O. & Ayo, C. K. (2014). Comparison of ARIMA and
artificial neural networks models for stock price prediction. Journal of Applied
Mathematics, 1-7.

Che, Z. (2010). PSO-based back-propagation artificial neural network for product
and mold cost estimation of plastic injection molding. Computers & Industrial
Engineering, 58(4), 625-637.

Chester, D. L. (1990). Why two hidden layers are better than one. In Proceedings of
the international joint conference on neural networks. Washington, DC: IEEE.
Chiroma, H., Abdulkareem, S., & Herawan, T. (2015). Evolutionary Neural
Network model for West Texas Intermediate crude oil price prediction. Applied
Energy, 142, 266-273.

Connor, J. T., Martin, R. D., & Atlas, L. E. (1994). Recurrent neural networks and
robust time series prediction. IEEE Transactions on Neural Networks, 5(2), 240-
254,



WA liwo; = ¥ ojlosd - (5y9lid ¢ Limg \V<d

Eberhart, R. C., & Kennedy, J. (1995a). A new optimizer using particle swarm
theory. Paper presented at the Proceedings of the sixth international symposium on
micro machine and human science.

Eberhart, R. C., & Kennedy, J. (1995b). Particle swarm optimization. Paper
presented at the Proceedings, Perth, Australia of IEEE International Conference on
Neural Network.

ElKady, S. K., & Abdelsalam, H. M. (2016). A Modified Particle Swarm
Optimization Algorithm for Solving Capacitated Maximal Covering Location
Problem in Healthcare Systems. Applications of Intelligent Optimization in Biology
and Medicine, 96, 117-133.

Funahashi, K.1. (1989). On the approximate realization of continuous mappings by
neural networks. Neural networks, 2(3), 183-192.

Hornik, K., Stinchcombe, M., & White, H. (1989). Multilayer feedforward networks
are universal approximators. Neural networks, 2(5), 359-366.

Hu, M.J.C. (1964). Application of the adaline system to weather forecasting.
(Master Thesis). Technical Report 6775-1. Stanford Electronic Laboratories.
Stanford. CA. June.

Ismail, A., Jeng, D.-S., & Zhang, L. (2013). An optimised product-unit neural
network with a novel PSO-BP hybrid training algorithm: Applications to load—
deformation analysis of axially loaded piles. Engineering applications of artificial
intelligence, 26(10), 2305-2314.

Khalili-Damghani, K., & Sadi-Nezhad, S. (2011). Application of multi-layer
recurrent neural network in chaotic time series prediction: a real case study of crude
oil distillation capacity. International Journal of Artificial Intelligence and Soft
Computing, 2(4), 367-380.

Kohzadi, N., Boyd, M. S., Kermanshahi, B., & Kaastra, I. (1996). A comparison of
artificial neural network and time series models for forecasting commaodity prices.
Neurocomputing, 10(2), 169-181.

Kuan, C. M., & Liu, T. (1995). Forecasting exchange rates using feedforward and
recurrent neural networks. Journal of Applied Econometrics, 10(4), 347-364.
Lapedes, A., & Farber, R. (1988). How neural nets work. In: Anderson, D.Z. (Ed.).
Neural Information Processing Systems. American Institute of Physics. New York,
442-456.

Lasheras, F. S., de Cos Juez, F. J., Sanchez, A. S., Krzemien, A., & Fernandez, P. R.
(2015). Forecasting the COMEX copper spot price by means of neural networks and
ARIMA models. Resources Policy, 45, 37-43.

Lippmann, R. P. (1987). An introduction to computing with neural nets. ASSP
Magazine, IEEE, 4(2), 4-22.

Peyghami, M. R., & Khanduzi, R. (2011). A hybrid model based on neural network
and hybrid genetic algorithm for automotive price forecasting. International Journal
of Applied Mathematics and Computation, 3(3), 158-168.

Peyghami, M. R., & Khanduzi, R. (2012). Predictability and forecasting automotive
price based on a hybrid train algorithm of MLP neural network. Neural Computing
and Applications, 21(1), 125-132.

Peyghami, M. R., & Khanduzi, R. (2013). NOVEL MLP NEURAL NETWORK
WITH HYBRID TABU SEARCH ALGORITHM. Neural Network World, 3(13),
255-270.



SV e Slosletol b Sloj (6w (i (i

Rumelhart, D. E., Hinton, G. E., & Williams, R. J. (1986). Learning representations
by back-propagating errors. Nature, 323, 533-538.

Sharda, R. (1994). Neural networks for the MS/OR analyst: An application
bibliography. Interfaces, 24(2), 116-130.

Siddique, N., & Adeli, H. (2013). Computational intelligence: synergies of fuzzy
logic, neural networks and evolutionary computing: John Wiley & Sons.

Valipour, M., Banihabib, M. E., & Behbahani, S. M. R. (2013). Comparison of the
ARMA, ARIMA, and the autoregressive artificial neural network models in
forecasting the monthly inflow of Dez dam reservoir. Journal of Hydrology, 476,
433-441.

Werbos, P. J. (1974). Beyond regression: New tools for prediction and analysis in
the behavioral sciences. (Ph.D Thesis). Harvard University, USA.

Werbos, P. J. (1988). Generalization of backpropagation with application to a
recurrent gas market model. Neural networks, 1(4), 339-356.

Zhang, G., Patuwo, B. E., & Hu, M. Y. (1998). Forecasting with artificial neural
networks: The state of the art. International journal of forecasting, 14(1), 35-62.
Zhang, X. (1994). Time series analysis and prediction by neural networks.
Optimization Methods and Software, 4(2), 151-170.



9 Abstract

Time series prediction using a hybrid model based on artificial
neural network and particle swarm optimization: a case study of
total oil supply in Iran

Mohammd Amirkhan?®, Hosein Dideh-khani?, Amir Hosein Zahedi Anaraki®

Abstract

The prediction of macro-economic variables is of particular importance to
politicians and economists of countries. In this paper, an efficient method
based on an artificial neural network approach presented to predict time
series of total supply of Iranian oil. Thereafter, this network was trained
using 10 training algorithms available in MATLAB toolbox and results were
obtained. In order to enhance the efficiency of the network, a meta-heuristic
algorithm called particle swarm optimization (PSO) was applied to train the
network. In order to evaluate the accuracy of prediction and investigate the
efficiency of the proposed model, a performance measure was first
introduced and then, the actual data related to the total Iranian oil supply was
used for prediction. The results obtained from the running the model for the
mentioned training algorithms demonstrated the superiority of PSO
algorithm to other training algorithms.

Key words: prediction, time series, artificial neural network,
particle swarm optimization, oil.
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