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4. Artificial neural network
5. Adaptive nero fuzzy inference nystem
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11. Autoregressive with exogenous input

12. Box-Jenkins

13. Support vector machine- firefly algorithm
14. Extreme learning machine

15. Single-layer feed-forward neural network

IS 5l YA 0, laws o33l Jluo

YA

Slassls = aosls 5 @Sl 056 ol 536 s ol oS b
T o s 4 SOk et 3 s DAl sl | plise
IA] 3518 ol Sypo & LT b cngh

bt e e ildde 53 &S egiae Ssa sladde
4 di g g eslital o Bl 5 S5 AA Slaetnn 55 odmy
Glas |l s sd e el Lol s 58 als s oS L;)'L?
(Fan s GBS Jold o gan ae gladde il
('GEP)O5 Ols (s 3oaal p ¢ stdad (536— uac -
Seoee 9 Siledde sl (YSVM)QL::.:,.; ey el
SOL e gl Ko 65 5 JSa s ax by O e Dbl g
ol ol cb.w 0 Sk st Sl [MAIOLKe
st S e Kl atuans 5 5 ANFIS slads 517 guge
e 3 Shae oS asl s OUT .65 S eslizul ('SARIMA )axils|
ANN Jue i [FISULKS 97 .ol SARIMA 51z, ANFIS
o 4S5 53 Oly Azl edyl ole O Ol mhaw i Gl
o (§ g 3, Shes ANN Jolo &5ty 4 opl 40 5 25 5
iin Lol pen S e o Sile Jgew S35 68 e
ANFIS. sladds ool [Y0] bt 56 5515 CARMAX)I 55
olo a5 33 S5 J@w 2 &l |, ANFIS-GEP 5 GEP
S LI I3 ey 3s50 4S5 53 55 57 elile laasl s e
bl ol Ol o o 1 badie (ol a8 il 0
5 ANNCANFIS (sladus 5Y+ ] 0lKen 5 i dtiees ol
5k S 54 axls el a5 4w Of v ot )2 GEP
Sladie 4 Coes (5 2,5 GEP o 85 Loy e (2l &
3,15 ANFIS 5 ANN

o 3 Soledde Gl (godate Ol Lt gladle s
[vv];\;,\i,aw\jdg&.wlwﬁo,yW,)tgwqcb
S 2 ANN Jue b aslie ;3 ANFIS Jue a5 ail s
DV] 0L 5 sas S 3415 gyl 4l s ol Chw S
ANFIS 5 GEP 0gman o5ae ga sladde a5 dl )
)15 FARMA & s gy o sladde 4 o (55 > Shas
Lisn Sladde 8 Wy s ol & [1F]0LKen 5 xBTS
s by s s CMLP)GY dor Oyt a3 Aile o 5ine
S b el ezl ol Cla,ﬂ $ilwdds 55 (LLNF") s
rein b gy S 5355 Omman el sladte & oo

1. Genetic expression programming

2. Support vector machine

3. Behsehir

4. Seasonal auto regressive integrated moving average

5. Autoregressive moving average with exogenous inputs
6. Manyas

7. Tuz

8. Autoregressive moving average

9. Multi-layer perceptron

10. Locally linear neuro-fuzzy
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Figure 1. Location of the Urmia Lake and its catchment

ang,l 4l s ol cla.., 659, Wesls s bl Slas g =\ g
Table 1. Statistics of the daily water level of Urmia Lake
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Minimum  Mean

)L#ulfu\ ﬂ)’: ‘;J:.ZS

Maximum Standard deviation Skewness Kurtosis

() o o 1270.6 127512 127841

Water level (m)

1.78 -0.7 -0.31
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Figure 2. The structure of the ANN model
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1. Sigmoid function

2. Hyperbolic tangent function
3. Back propagation

4. Feed forward

5. Levenberg-Marquardt

6. Hessian matrix
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2. Label matrix

3. Least square solution
4. regularization theory
5. Radial basis function
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Figure 3. The structure of the ANFIS model
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Figure 4. The structure of the ELM model
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4. Epoch
5. Mean square error
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1. Coefficient of determination
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3. Nash—Sutcliffe efficiency coefficient
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Table 2. Epoch, mean square error and training time of the ANN models

Model Epoch Mean square error Training time(s)
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o diul 5o, dw aoh (t43) 72 106x7.64 1.35
122 10°x2.41 2.32
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Table 3. Clustering radius, number of generated fuzzy ‘if-then’ rules of the ANFIS models
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Figure 5. The performance of the ANN models for training stage in Urmia Lake water level modeling for a)one b)three and
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Figure 6. Membership functions of the ANFIS model of the input variables in forecasting of the lake water level for a) one b)

three and c)seven days ahead
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Table 3. Number of hidden neurons and training time of the ELM models

Model No. of hidden neurons Training time(s)
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Table 3. Results of the Urmia Lake water level fluctuations modeling in the training stage
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Table 4. Results of the Urmia Lake water level fluctuations modeling in the testing stage
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Figure 7. Comparison of the measured and forecasted one step ahead water level of the Urmia Lake in the testing stage

YRS by —FA 5 loud 33k Jlo

ov

Ol ool pwaigs 9 pgle



algorithm) to predict exergetic performance of a
DI diesel engine running on diesel/biodiesel blends
containing polymer waste. Energy. 94:443-456.

3) Altunkaynak, A. 2007. Forecasting surface
water level fluctuations of Lake Van by artificial neural
networks. Water Resources Management. 21(2):399-
408.

4)
Moghaddam, A. 2016. Application of wavelet-artificial
intelligence hybrid models for water quality prediction:

Barzegar, R. Adamowski, J. and Asghari

a case study in Aji-Chay River, Iran. Stochastic
Environmental Research and Risk Assessment.

5) Barzegar, R. and Asghari Moghaddam, A.
2016. Combining the advantages of neural networks
using the concept of committee machine in the
groundwater salinity prediction. Modeling Earth
Systems and Environment. 2:26.

R., Asghari Moghaddam, A.,
and Baghban, H., 2016b. A supervised committee

6) Barzegar,

machine artificial intelligent for improving DRASTIC
method to assess groundwater contamination risk: a
case study from Tabriz plain aquifer, Iran. Stochastic
Environmental Research and Risk Assessment.
30(3):883-899.

7)  Barzegar, R. Sattarpour M. Nikudel, MR. and
Asghari Moghaddam, A. 2016. Comparative evaluation
of artificial intelligence models for prediction of
uniaxial compressive strength of travertine rocks,
Case study: Azarshahr area, NW Iran. Modeling Earth
Systems and Environment. 2:76.

8)  Basheer, IA. and Hajmeer, M. 2000. Artificial
neural networks: fundamentals, computing, design,
and application. Journal of Microbiological Methods.
43:3-31.

9)  Chiu, SL. 1994. Fuzzy model identification
based on cluster estimation. Journal of Intelligent and
Fuzzy Systems. 2(3):267-278.

10) Deo, R. Sahin, M. 2015. Application of the
extreme learning machine algorithm for the prediction
of monthly Effective Drought Index in eastern
Australia. Atmospheric Research. 153:512-525.

11) Deo, RC. and Sahin, M. 2016. An extreme
learning machine model for the simulation of monthly

IS 5l YA 0, laws o33l Jluo

OA

S 5 4o

axlys S gy, i ;.j Cla‘” esls 5l Guasw ol s
Loodol 5oy a5 o6 Ol mhae Sopie Sle ass)
Sl as —G3b (Fran as S sladde S04
e slaobae Sl LS sl bl S5k il
— 5 ca e s RMSE) lat Sl e Sl Ll (RE) oo
A 4 S e bdie s Shee b)) sl (NSC) CalsGL
S Al QLI paean e 4SS ladde s Ses L5l
4 NSC ;RMSE R? ﬁu’ﬂpqcaw,\gwmwpgm
a3l Je 50 /4AFY 5 e v /0 FAY G/AAAV L s s S
L 2l 55 4 NSC s RMSE R* slis b o e skl 555
R e S (S eel A e y3 VAT 5 e f/YTV G /AATY
@Lb' Al el uT Ch.ﬂ e 03 1y 3 Ses o S
slul 5oy K ilwdie 4 sl Ol eae —(55L slade
L Al» 55 4 NSC s RMSE R? jslis Lozl s of o
3 Shes ip e e iisel ab e 53 +/4940 5 e +/+100 (/4490
Laxbs of s sl oy s g3lwdde aSST Jl= yls 1
e /YY) 0/44VE L (5 5 4 NSC 5 RMSE R? 5lis
b o oeamen 3503 1y 5 Shas o S0 (a5 g0l dd o 55 +/48V0
S gsledte gl (Bl S50 il slade Sl 6 S e
L 4l 554 NSC s RMSE R? jslis (o plaws ol 33,
ool 5s) it (g3l Jde (5l 5 /2940 5 e v/ 10Y 2/4440
@/A8Y7 L 4l 55 4 NSC 5 RMSE R? slis ool o
o i 45 Lol Cedas i g0l al= o 53 0/44V0 5 e o /0 TF)
il s O e e 50 b3 Ses G i s n e
53 bl 68l il Jie oS Wsls Ol el IS 55b
Srg 2 SNes mas 556 5 ae S Gladls L alie
6;;[.: ele sbedue a8 J—:-’; sdalie G cpl 53 A0
uijyfs\.l;-f): 6;:\.;_ Ui.:: L;LAJ.\A)'\JSGJMLSL:&-JE\JM
S Ol e =530 slada S Jb- LS o G 1y
2 dlg e Jeol sladde (s S G i el Al e gl L
laasl p e am A o pde 9 (S oael o lea sl

S 1B ealinal 5 5e el s Sl

&b

1) Adamowski, JF. and Sun, K. 2010.
Development of a coupled wavelet transform and
neural network method for flow forecasting of non-
perennial rivers in semi-arid watersheds. Journal of
Hydrology. 390(1-2):85-91.

2)  Aghbashlo, M. Shamshirband, S. Tabatabaei,
M. Yee, PL. and Larimi, YN. 2016. The use of ELM-

WT (extreme learning machine with wavelet transform

Ol S 13l (owsiaes 9 @ole



Cai, Z. and Lin, J. 2016. Applying a new localized
generalization error model to design neural networks
trained with extreme learning machine. Neural
Computing and Applications. 27:59-66

22) Marcellino, M. Stock, J. and Watson, MW.
2006. A comparison of direct and iterated multistep AR
methods for forecasting macroeconomic time series.
Journal of Econometrics. 135:499-526.

23) Mishra, AK. and Desai, VR. 2006. Drought
forecasting using feed-forward recursive neural
network. Ecological Modelling. 198(1-2):127-138.

24) Nourani, V. Baghanam, AH. Adamowski, J.
and Gebremichael, M. 2013. Using self-organizing
maps and wavelet transforms for space—time pre-
processing of satellite precipitation and runoff data in
neural network based rainfall-runoff modeling. Journal
of Hydrology. 476:228-243

25) Sanikhani, H. Kisi, O. Kiafar, H. and Ghavidel,
SZZ. 2015. Comparison of different data-driven
approaches for modeling lake level fluctuations:
The case of Manyas and Tuz Lakes (Turkey). Water
Resources Management. 29(5):1557-1574.

26) Sen, Z. Kadioglu, M. and Batur, E. 2000.
Stochastic modelling of the Van Lake monthly level
fluctuations in Turkey. Theoretical and Applied
Climatology. 65(1-2):99-110.

27) Talebizadeh, M. and Moridnejad, A. 2011.
Uncertainty analysis for the forecast of lake level
fluctuations using ensembles of ANN and ANFIS
models. Expert Systems with Applications. 38(4):4126-
4135.

28) Tsonis, AA. 2001. Probing the linearity and
nonlinearity in the transitions of the atmospheric
circulation. Nonlinear Processes Geophysics. 8:341-
345.

29) Wanas, N. Auda, G. Kamel, MS. and Karray,
F. 1998. On the optimal number of hidden nodes in
a neural network. Proceedings of the IEEE Canadian
Conference on Electrical and Computer Engineering.
2:918-921.

30) Yarar, A. Oniigyildiz, M. and Copty, NK. 2009.
Modelling level changes in lakes using neuro-fuzzy

and artificial neural networks. Journal of Hydrology.

IS 5l YA 0, laws o33l Jluo

04

mean streamflow water level in eastern Queensland.
Environmental Monitoring and Assessment. 188:90

12) Deo, RC. Samui, P. and Kim, D. 2016.
Estimation of monthly evaporative loss using
relevance vector machine, extreme learning machine
and multivariate adaptive regression spline models.
Stochastic  Environmental Research and Risk
Assessment. 30:1769.

13) Ding, S. Zhang, J. Xu, X. and Zhang, Y.2015. A
wavelet extreme learning machine. Neural Computing
and Applications. 27(4):1033-1040.

14) Huang, GB. Zhu, QY. and Siew, CK. 2004.
Extreme learning Machine: a new learning scheme
of feedforward neural networks. Internation Joint
Conference on Neural Networks. 2:985-90.

15) Huang, GB. Zhu, Q.Y. and Siew, CK. 2006.
Extreme learning machine: Theory and applications.
Neurocomputing. 70(1):489-501.

16) Kakahaji, H. Dehghan Banadaki, H. Kakahaji,
A. and Kakahaji, A. 2013. Prediction of Urmia Lake
water-level fluctuations by using analytical, linear
statistic and intelligent methods. Water Resources
Management. 27(13):4469-4492.

17) Karimi, S. Shiri, J. Kisi, O. and Makarynskyy,
0. 2012. Forecasting water level fluctuations of Urmieh
Lake using gene expression programming and adaptive
neuro-fuzzy inference system. International Journal of
Ocean and Climate Systems. 3(2):109-125.

18) Khoshhal Dastjerdi, J. and Hosseini, SM. 2010.
Application of the ANN in simulation of the climate
elements and prediction of drought cycle (case study:
Isfahan province). Geoghraphy and environmental
planning. 39(3):107-120.

19) Kisi, O. Shiri, J. Karimi, S. Shamshirband,
S. Motamedi, S. Petkovi¢, D. and Hashim, R. 2015.
A survey of water level fluctuation predicting
in Urmia Lake using support vector machine with firefly
algorithm. Applied Mathematics and Computation.
270:731-743.

20) Kisi, O. Shiri, J. and Nikoofar, B. 2012.
Forecasting daily lake levels using artificial intelligence
approaches. Computers & Geosciences. 41:169-180.

21) Liu, Q. Yin, J. Leung, VCM. Zhai, JH.

Ol S 13l (owsiaes 9 @ole


http://link.springer.com/article/10.1007/s11269-013-0420-2
http://link.springer.com/article/10.1007/s11269-013-0420-2
http://link.springer.com/article/10.1007/s11269-013-0420-2
http://link.springer.com/journal/11269
http://link.springer.com/journal/11269
http://www.sciencedirect.com/science/article/pii/S0096300315011418
http://www.sciencedirect.com/science/article/pii/S0096300315011418
http://www.sciencedirect.com/science/article/pii/S0096300315011418
http://www.sciencedirect.com/science/article/pii/S0957417410010328
http://www.sciencedirect.com/science/article/pii/S0957417410010328
http://www.sciencedirect.com/science/article/pii/S0957417410010328

365(3-4):329-334.

31) Yua, L. Danninga, Z. and Hongbinga, C. 2015.
Prediction of length-of-day using extreme learning
machine. Geodesy and Geodynamics. 16(2):151-159.

VYRS 5l YA olad —a23l Jlu 2 Sltl & o3l iz 3 ol



g5 — sole i

Ol 813l (omrsian 9 @ole
Iran-Watershed Management
Science & Engineering

9, o
P ls 50 U

Vol. 11, No. 38, Fall 2017 YVAF 5l YA oylows — 2350 Jl

Abstract

Modeling of Daily Water Level Fluctuations of the Urmia Lake Using Extreme
Learning Machine Model
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In recent decades, the water level of the Urmia Lake has decreased due to over utilization of surface
and groundwater resources, prevention of surface water resources discharges to the Urmia Lake and also
climate changes, which caused water and environmental crisis in the region. Therefore, modeling Lake
level fluctuations is essential for its water resources planning and management. The aim of the study is to
forecast the Urmia Lake water level fluctuations for one, three and seven days ahead using extreme learning
machine (ELM). Also, the artificial neural network (ANN) and adaptive neuro fuzzy inference system
(ANFIS) models used to compare the ability of ELM. For this purpose, the daily water level (Dec 1965-
Nov 2012) of the lake was used. To develop the models, the current day and six days water level lags as the
inputs used for forecasting the one [h(t+1)], three [h(t+3)] and seven [h(t+7)] days ahead water levels. The
data sets were divided into two subsets training/validation (85%) and testing (15%) and after modeling, the
performance of the models were evaluated based on coefficient of determination (R2), root mean square
errors (RMSE) and Nash—Sutcliffe coefficient (NSC). The results showed that the ELM model for one-
step-ahead water level modeling with R2 = 0.9995, RMSE = 0.0151 m and NSC = 0.9995 respectively,
outperformed in comparison with ANN and ANFIS models. Also, it was observed that ELM models learned
faster than the other models during model development trials whereas the ANFIS models had the highest
computation time.
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