- -
U/JL«IJUI -
.' Ll e
(ke 4,5
Veor Ohubim ¥ ojlad m VY 0y03

WISAAA slaamio
DOI: 10.22059/jwim.2021.318390.859

Zk;i.h}}’o: Jlae

o 3 ()l 158 (g5l S 1ol g (Egiurn (mas A (oS 5T Joe 39,5
SPElL, JlwcSuis asli

"5 e {65 Sloj Lopele T gl g < ol Ly,
ol el e ool o131 ol Suiily cclisiss 4 P9Lc’4>19 ol wdino 5 pole 09,5 (5S> gzl .
Oyl ooy eylos; olRuisly el wdige 09,5 Ll Y
Ol ol e oMl ;] 0@') (oo yas g oyl yes G“J‘:‘?(" 09,5 .Y
Oll el oDl al31 o uiily «ldios g pole dnly col (awiins g pole 09,5 ¢ Lokl ¥
Ve [oXIYR dlis b dy Fo )l WAANNVNA e cdlys 5o )b

oS>
Vb Coenl 31 OT L lie 5 et conl by dns on s alsma] o) aen o o ke rab WO e S S dsu&:;
r:win (TLBO) (5,55L 5 oisel » s (&5lwaing r;w,fm Ladigr (3l Slapn, S aw 51 sl Jtags s ool Jlsy
L o sean pas S el sk SISl =S ) dolize o, S5 ((PSO) by el o, S ((IWO) 5 pa glacile (g 3luaig:
3Lj sl 4 s b S eslinal 528 S ool VA s ol ol 4w S K SPEhy JLSis jetla oot ol Y
ol s e C5 b CL gt gy 4 Kemeans s 31 sbinel b s JcSis Slos lags e 4 r 5 b bolSigl oS0y (slaolSin
Lol aase 05051 slaesls (R2 5 RMSE) (glas,lel ulul  badie s 5 dis S 513 sl 3550 baad o 53 bolKasl (o S )13 0 a5 L
el @Bl EalS adde i o Sles elde JA1I L o i e 4w ja s oS sl 0L e gs il ) o.,\ﬂh'_',...ﬁ:«_g @l:.} J\,;_ej§ 8
0L pae 4SE 603y il 53 308 1 oS G Olpe e SISl =S s s S eds S5 (gleing oSl a e dlie
S TLBO (25,801 48 515 0Lz PSO 3 IWO TLBO 13, S5l s ey seglis ol (5815 (5 3htings (Ut S50l 57 BB (550 ootons

G2) Sk 3 R2 palie o St 5 o3 S Sladde n e op e LS e €1 (55635 ml 5 LS e Jas agn S Ll Sl e
A odalie (528 Jlad 1) iy adip 3 ladie 35 0p 508 SRMSE jolis op 5t 5 (010l B b s 5 s 1y

etle (6 S5l eIl G5 5 s — b el (Jleslis el s $ilaaing slaan, S o 3lgunls”

Application of Combined Avrtificial Neural Network Model and meta-
heuristic Optimization Al(gorlth*ms in Predicting SPEI;, Drought Index

Porya Ghasemi®, Masoud Karbasi?", Alireza Zamani Nouri®, Mahdi Sarai Tabrizi*
1. Ph.D. Candidate, Department of Water Engineering and Sciences, Science and Research Branch, Islamic Azad University, Tehran, Iran.
2. Associate Professor, Water Engineering Department, University of Zanjan, Zanjan, Iran.
3. Department of Civil Engineering, Shahr-e-Qods Branch, Islamic Azad University, Tehran, Iran.
4. Assistant Professor, Department of Water Engineering and Sciences, Science and Research Branch, Islamic Azad University, Tehran, Iran.
Received: February, 06, 2021 Accepted: June, 19, 2021

Abstract

Drought is one of the most important and damaging natural disasters in the field of water resources that occurs in all climatic regimes of the
country. Therefore, predicting and dealing with it is very important. In the present study, 79 synoptic stations in Iran were selected as the
study. Three meta-heuristic optimization algorithms TLBO, IWO, PSO and the conventional Levenberg-Marquadt algorithm were used to
train the multilayer artificial neural network to predict the SPEI;, drought index for the next one to three months. Due to the large number of
synoptic stations, the stations were divided into five clusters C1 to C5 according to the time series of the drought using the K-means method.
The results were compared with respect to the location of the stations in the clusters and the accuracy of the models was evaluated based on
the RMSE and R2 indices of the test data. Showed that in all three prediction models, the accuracy of the models decreased with increasing
prediction time. Comparison between the three ogtimization algorithms mentioned and Levenberg-Marquadt algorithm as a widely used
algorithm in optimizing neural network weights, showed the better performance of meta-heuristic algorithms. The comparison between the
three TLBO, IWO and PSO algorithms showed that the TLBO algorithm performed slightly better than the other alfgorithms and provided
more accurate results. R2 was observed in cluster one (eastern regions, southern strip and southeastern regions of Iran) and the highest
RMSE values and the lowest accuracy of the models were observed in cluster five (northern strip strip of the country).

Keywords: Drought, Intelligence optimization algorithms, Machine learning, Standardized precipitation evapotranspiration index.
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Figure 1. The location of the stations used in the study
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Table 1. Calinski-Harabasz index values for different number of clusters (K)

Number of clusters (K) 2 3 4 5 6 7 8
Calinski-Harabasz value 11.13 12.14 13.23 14.95 13.98 12.78 12.6
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Figure 2. The clustering of synoptic stations based on SPEI12 drought index
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Table 2. Set parameters values for three models of TLBO, IWO and PSO

Algorithm setting parameters TLBO

Algorithm setting parameters IWO

PSO Algorithm setting parameters

Max iteration = 300
Initial population size

Max iteration = 300 Maximum population

Population size = 50

Initial value of std = 1

Minimum number of seeds = 0
Maximum number of seeds = 5
Variance reduction exponent = 2

=20
size = 100 Max iteration = 300
Swarm size = 50
Cognition coefficient = 2
Social coefficient = 2

Final value of std = 0.001

Table 3. Results of RMSE and R? in forecasting

1 to 3 months ahead SPEI12 drought index

: RMSE R
Forecasting Cluster M TLBO WO PSO Y] TLBO WO PSO
o) 0437 0.308 0.306 0316 0811 0.844 0.845 0,836
1 Month ahead C2 0.424 0.336 0336 0341 0.797 0.840 0.840 0.836
c3 0.555 0.348 0.354 0.358 0.783 0.825 0.820 0.817
ca 0.410 0.384 0.387 0.397 0.838 0.854 0.853 0.848
Cs 0.459 0.394 0.394 0.393 0.812 0.805 0.804 0.803
Mean 0457 0.354 0.355 0.361 0.808 0.834 0.832 0.828
I 0.488 0.455 0.458 0.456 0.635 0670 0.667 0.668
c2 0573 0.486 0.490 0.483 0.554 0.681 0.676 0.684
2 Months ahead c3 0.694 0.526 0525 0527 0.585 0.620 0.623 0.618
ca 0.556 0.539 0.539 0.551 0.643 0.723 0.724 0.702
cs 0.842 0.550 0.550 0.549 0.492 0.623 0.624 0.623
Mean 0.631 0.511 0512 0513 0582 0.663 0.663 0.659
o) 0.600 0.565 0570 0.561 0.475 0513 0.504 0514
c2 0.609 0.591 0.590 0.589 0.503 0.546 0.546 0.543
3 Months ahead 3 0.666 0.632 0.645 0.621 0.455 0.469 0.463 0.477
ca 0.786 0.658 0.650 0.650 0.527 0.596 0.604 0.602
Cs 0.914 0.657 0.654 0.652 0.496 0473 0.476 0.478
Mean 0.715 0.621 0622 0.615 0.491 0519 0.519 0.523
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Figure 3. Time series of observed and forecasted values of SPEI,, drought index at five clusters for MLP-TLBO model
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6. Standardized Precipitation Index

7. Cuckoo Search

8. Standardized Precipitation Evapotranspiration Index
9. Genetic Algorithm

10. Ant Colony Optimization

11. Butterfly Optimization Algorithm
12. Gene Expression Programming
13. Models Tree

14. Standardized Streamflow Index
15. Bee Algorithm

16. Back Propagation

17. Teaching learning based optimization
18. Invasive Weed Optimization

19. Particle Swarm Optimization

20. Levenberg — Marquardt

21. Multilayer perceptron

22. Teaching Phase

23. learner Phase

24. Clustering

25. Autocorrelation Function

26. Partial Autocorrelation Function
27. Imperialist Competitive Algorithm
28. Firefly Algorithm
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