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3- Artificial Intelligence Methods

4- Artificial Neural Networks (ANNSs)

5- Adaptive neuro fuzzy inference system (ANFIS)
6- Gene expression programming
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3- Levenberg-Marquardt (LM)
4- Subtractive Clustering (ANFIS-SC)
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1- Soft Computing
2- Tongue
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2- Log-Sigmoid

3- Tan-Sigmoid

4- Linear Transfer Function
5- Sugeno
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1- Stepwise Regression
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Table 1- The Characteristics of studied hydrometric stations in the Zarinehroud basin
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Table 4- The Characteristics and statistical parameters of ANNs optimal models for TDS predictions during the test period
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ANN1 HCO, \=0-) Tangsig-purelin 0/885  21/95 16/12

i ANN2 HCO,, Ca Y-0-) Logsig-purelin 0/897  20/83 14/88

A;;,an ANN3 HCOs, Ca, Na YoY-) Logsig-purelin 0/923  17/17  13/80

ANN4 HCO,,Ca, Na, Q ¥ Logsig-purelin 0/931 17/54 15/14
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ANN1 HCO, V-¥-) Tangsig-purelin 0/577  86/01 71/91

ANN2 HCO3, Ca Y-y-) Tangsig-purelin 0/608 84/48 70/99

Sle T ANNE HCOs, Ca, Na Fory Logsig-purelin 0/878 49/16  39/74
Safakhaneh ) )

ANN4 HCO;,Ca, Na, Q ¥-v-) Logsig-purelin 0/904 46/30 36/83

ANNS5 HCO;, Ca, Na, Q, Mg O-Y-) Tangsig-purelin 0/945 35/26 26/46
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Table d-The Characteristics and statistical parameters of ANFIS optimal models for TDS predictions during the test period
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fuzzy rules value
ANFIS-SC1 HCO; o A 0/896  18/83 15/08
_ ANFIS-SC2 HCO,, Ca v " 0/910 1841  14/10
ol ANFIS-SC3 HCO,, Ca, Na ¥ /¥ 0/924  17/27  13/74
Anyan - ANFIS-sca HCO..Ca, Na, Y ¥ 0926 17/09  13/81
ANFIS-SC5  HCO,, Ca, Na, Q, Mg Y ¥ 0/948  14/94  13/60
ANFIS-SC1 HCO, v -l 0/586 8579  71/860
ANFIS-SC2 HCO;, Ca v I5Y 0/619 8338  67/13
wblao ANFIS-SC3 HCO,, Ca, Na Y s 0/896  48/60  39/03
Safakhaneh — 5\eis.sca HCO5,Ca, Na, Q Y ¥y 0/923 43779  34/18
ANFIS-SC5  HCO,, Ca, Na, Q, Mg Y Ay 0/951  34/97  26/49
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Figure4- Variation of R and RMSE versus the number of neurons in hidden layer of ANN5 model for Anyan and Safakhaneh
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Figure 6- Observed and estimated of ANN5 and ANFIS-SC5 models for study stations during the test period
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Table 6- The Characteristics and statistical parameters of GEP optimal models for TDS predictions during the test period

sl o Jao oU Jwe (83959 LS 5 RMSE MAE
Station Model  Model input Combination (mg/L)  (mg/L)
GEP1 HCO, 0/982 18/06  14/77

) GEP2 HCO,, Ca 0/910 17/55 13/12

ot GEP3 HCO,, Ca, Na 0/937 16/01 12/92
Anyan - epy HCO5,Ca, Na, Q 01941 15/88 12/43
GEPS HCO, Ca,Na,Q,Mg 0962 12/82 10/60

GEP1 HCO, 0/623 75/71 67/18

o GEP2 HCOg, Ca 0/738 67/77 57/99
wblas GEP3 HCO,, Ca, Na 0/918 40/22  39/03
Safakhaneh ., HCO,,Ca, Na, Q 0/952 35/45 29/76
GEPS HCO, Ca, Na, Q,Mg  0/971 29/08 23/19
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Table 7- Equations of best models for two study station
o5 Sl ol g o o OV
Station Explicit equations and constants
a, =—8.0755,a, =—0.548554, a, = —0.144653,a, = —6.059173,a, = —6.425171, 8, = —8.312713
ol Y, = (a, — (Mg));
Anyan Y, =Y, +(a; — ((2Mg)"2) + cos(Q)) — Mg);
TDS =Y, + ((HCo, — ((a; — (Ca + Na)) — Mg))"2)
a, =—6.264007, a, = -8.100647, a, = 4.72403, a, = 9.290619, a, = —1.629944, a, = —8.100647
sblas Y, =((Mg +Ca) * (a,"2));
Safakhaneh

Y, =Y, + ((Q™(A/3)) —a;) * (HCo; + Na)) + ((8; * a,) * (2Na)));
TDS =Y, + (1 - (((Ca*2) * Mg) - a,))

4o Olgi oo aalllae 3)50 gloJie 3)Skos byl 4 425 L

o S (0 Ole Spteln (g sk 2,Ses D929 L a5 88
@ivs p @Sl (2L daly @)l 5 (egian (on sl ple
oS Sl clie ()l plate s plaSie | (hg) A 2
e oS g Sie dw andY pd g, Of cuaS sl el )y

5 (G5 Ao

05 Ol i) 4eby g (A HE glodied Jdo bl (65l uac

Do
15 odlit >



VYVY ey bl jl solisw! b ailsogy Jokxo cilsols ylado 545

Sub-ET 1
EHESFWCme]
Safakhaneh Station

‘ ol alfiag!
Anyan Station

Sub-ET 2

Sub=ET 3

o g0iung] (ly3 GEPS 1 Jools ag 3255 b 3 -A Sl
JM»L(_;c Mg 9 Q Na Ca ;HCO3 L_9)_t/a iy A d4 9 d3 ‘dz <d1‘d0 55959 L;LQ)ZAI)[;

. Figure8- Expression tree of GEPS for study stations
Terminal sets d,, d;, d,, d3, d4 denote HCos, Ca, Na, Q and Mg, respectively

o]
(=]

30
* R*=00123 R*=00012
% e el 20 § ot
PUETERRNE 20 < oleil sl
B %40 Safakkhaneh Station . % 10 1 PRACIR Anyan Station
Tz . 3 .e
2 =20 e * o 3 E .
3= o* . 3= D1 & _ & o
2 = I = = * P
Q E 0 *° . . ; -._3 .0.
9% — 3% 1 .
& o N ~ ¢ 4 e e
- . * P
. 2
. -20 .

) .

40 Y

60 : Al -30 — '

300 500 700 200 300 400
EEPEIE R &8l p polie

The estimated data (mg/L) The estimated data(mg/L)

o o] 95 13 (9051 (s3I (51 GEPS Juto (63,91 9 W] auilowdly (gl 15905 -4 S
Figure 9- Plots of the residuals versus GEP5 models computed during the test period for study stations

Lailgy (ll plgie 4 Wlg o 0 e el g (B HE s
555 )35 oolil 3,50 Al o &S (el el )y (e (gl

$laaSed slagydg) &5 58 plo Glyee (ol bt ulul 5
—diwd Jdo o inded (il uae  sliiwl dlobw ¢ eguns uac



AP 60— 3T Bojlois Y ulo (S g ol 4 i \YVY

a5l ol ogdle ity sl psle; 5 At a6yl alSiisloj]
o g Jite (sbaysie plo g dtnly juite (0 (031 bl
St g 039 Jio cpl glacajo o oo J 05 Ol iyl
J3e oyl a5 Cuje 1 0yl ol cuenl ST (ola g i
A (med NS (0 pletle Madgn (sl Jae bl 4 Cuns )
3 omas gl bl () 0] ol jritelp oyl
9 (Simed iy (Rl L (egian (ouas 4SS g (Aol
e Lallas sllheyi 8 Sl g Lallad ooy jgdome Shals
Coled 0o Lis dlw YA Sladllas 0y90 Jsbo o 1) 5, Sae
liely e 3,90, )3 Loy, ol 5, Slas 3,5 o dlgiin
8 s 5 s 35 9 shaalig, o Jobe

D9d Jolod 5 dwslie

S sl yal )l eSS Aise) 4D 8a85S oyl I odel Cowd 4y gl
o35 5 (V) hlSen g 59,50 clidss gl b aailsag, o
9 BOD (i (o35 )3 (VF) ol 5 (ol 55 5 COD e
s ool ¢35 ) 2l iz pd ) Slssen COD
@ S (0 Ole Shptaln gy sk 3,Sles 3)90 53 0 plogl
L (Seislosien slaondy diej 3 s sian hgp sl ple
5 b V) Il g Sl alox ) i 1 ()l Cliios ol
Gl iey o) cisllas (V0 9 VF) o))Ked 5 (S (YY) o)y
Sl e &g 5> Jgare (SUSS plo b colsy 4y B ye5
2by Sl VL i & 5l pas Bl 5l (Sl G 4y 9 035
“ojll pope (slasbey (sl sl (Rl Wl e 5Nl
$Soihl Joame bl 5 )3 48 ol S (slo el ly (8

&l

1- Alvisi S., Mascellani G., Franchini M., and Bardossy A. 2005. Water level forecasting through fuzzy logic and
artificial neural network approaches, Journal of Hydrology and Earth System Sciences, 2: 1107-1145.

2- Aytek A., and Alp M. 2008. An application of artificial intelligence for rainfall runoff modelling, Journal of Earth
Systems Science, 117 (2):145-155.

3- Aytek A., and Kisi O. 2008. A genetic programming approach to suspended sediment modelling, Journal of
Hydrology, 351:288-298.

4-  Caudill M. 1987. Neural networks primer: Part I, Al Expert, 2(12), 46-52.

5- Chiu S.L. 1995. Extracting fuzzy rules for pattern classification by cluster estimation, p. 1-4. In: The 6"
International Fuzzy Systems Association World Congress.

6- Farboudnam N., Ghorbani M.A., and Alami M.T. 2009. River Flow Prediction Using Genetic Programming (Case
Study: Lighvan River Watershed), Journal of Soil and Water, 19(1): 107-123. (in Persian with English abstract)

7- Goyal M.K., and Ojha C.S.P. 2011. Estimation of scour downstream of a ski-jump bucket using support vector and
M5 model tree, Water Resources Management, 25(9): 2177-2195.

8- Guven A. 2009. Linear genetic programming for time-series modeling of daily flow rate, Journal of Earth System
Science, 118 (2): 137-146.

9- Guven A, and Gunal M. 2008. Genetic programming approach for prediction of local scour downstream hydraulic
structures, Journal of Irrigation and Drainage Engineering, 134(2):7 241-249.

10- Guven A., and Talu N.E. 2010. Gene-expression programming for estimating suspended sediment in Middle
Euphrates Basin, Turkey, CLEAN-Soil Air Water, 38(12): 1159-1168.

11- Hashmi M.Z., Shamseldin A.Y., and Melville B.W. 2011. Statistical downscaling of watershed precipitation using
Gene Expression Programming (GEP), Environmental Modelling & Software, 26:1639-1646.

12- Jain S.K,, Das A., and Srivastava D.K. 1999. Application of ANN for reservoir inflow prediction and operation,
Journal of Water Resources Planning and Management, ASCE, 125(5): 263-271.

13- Jang J.S.R. 1993. ANFIS: adaptive-network-based fuzzy inference system, IEEE Transactions on Systems. Man
and Cybernetics, 23 (3): 665-685.

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

15- Kisi O., Shiri J., and Tombul M. 2013. Modeling rainfall-runoff process using soft computing techniques,
Computers & Geosciences, 51: 108-117.

16- Legates D.R. and McCabe G.J. 1999. Evaluating the use of goodness-of-fit measures in hydrologic and
hydroclimatic model validation, Water Resources Research, 35 (1): 233-241.

17- Misaghi F., and Mohammady k. 2004. Forcasting quality variiouse of ZayandehRood river water by using artifical
neural networks. The 2" National Student Conference in water and soil resources, College of Agriculture, Shiraz
University. (in Persian with English abstract)

18- Montaseri M., and Zaman Zad Ghavidel S. 2014. River Flow Forecasting by Using Soft computing. Journal of
Water and Soil, 28 (2): 394-405. (in Persian with English abstract)

19- Najah A., Elshafie A., Karim O., and Jaffar O. 2009. Prediction of Johor river water quality parameters using

artificial neural networks, European Journal of Scientific Research, 28: 422-35.



YYVO  py bl jl solisw! b ails0g;y Jokoxo luols ylado 5451

20-
21-

22-

23-
24-

25-

26-

Sanikhani H., and Kisi O. 2012. River Flow Estimation and Forecasting by Using Two Different Adaptive Neuro-
Fuzzy Approaches, Water Resources Management, 26: 1715-1729.

Sengorur B., Dogan E., Koklu R., and Samandar A. 2006. Dissolved oxygen estimation using artificial neural
network for water quality control, Fresenius Environmental Bulletin, 15; 1064-1067.

Shafaei Y., Farzaneh M., and Teshnehlab M. Y- -¥. Modeling of producting trip by using Adaptive

Neuro-Fuzzy. Issue of Engineering Faculty, 36(3): 361-170,(in Persian with English abstract)

Shiri J., Kisi O., Landeras G., Lopez J.J., Nazemi A.H., and Stuyt L.C.P.M. 2012. Daily refernec
evapotranspiration modeling by using genetic programming approach in the Basque Country (Northern Spain),
Journal of Hydrology, 414- 415, 302-316.

Sighn K.P., Basant A., Malik A., and Jain G. 2009. Artificial neural network modeling of the river water quality-A
case study, Ecological Modelling, 220: 888-895.

Traore S., and Guven A. 2012. Regional-specific numerical models of evapotranspiration using gene-expression
programming interface in Sahel, Water Resources Management, 26(15):4367-4380.



Journal of Water and Soil (532815 @lus 3 pole) S g O &y
Vol. 29, No. 5, Nov.-Dec. 2015, p. 1262-1277 A ITEY-ITYY o ITAF o — 13T B o)leis ¥4 uls

Estimation of Rivers Dissolved Solids TDS by Soft Computing (Case Study:
Upstream of Boukan Dam)

S. Zaman Zad Ghavidel* - K. Zeinalzadeh®*
Received: 11-23-2014
Accepted: 05-25-2015

Introduction: A total dissolved solid (TDS) is an important indicator for water quality assessment. Since the
composition of mineral salts and discharge affects the TDS of water, it is important to understand the
relationship of mineral salts composition with TDS.

Materials and Methods: In this study, methods of artificial neural networks with Levenberg-Marquardt
training algorithm, adaptive neuro fuzzy inference system based on Subtractive Clustering and Gene expression
programming were used to model water quality properties of Zarrineh River Basin at upstream of Boukan dam,
to be developed in total dissolved solids prediction. ANN and ANFIS programs code were written using
MATLAB programming language. Here, the ANN with one hidden layer was used and the hidden nodes’
number was determined using trial and error. Different activation functions (logarithm sigmoid, tangent sigmoid
and linear) were tried for the hidden and output nodes and the GeneXpro Tools 4.0 were used to obtain the
equation of the best models. Therefore, water quality data from two hydrometer stations, namely Anyan and
Safakhaneh hydrometer stations were used during the statistical period of 18 years (1389-1372). In this research,
for selecting input variables to the data driven models the stepwise regression method was used. In the
application, 75% of data set were used for training and the remaining, 25% of data set were used for testing,
randomly. In this paper, three statistical evaluation criteria, correlation coefficient (R), the root mean square error
(RMSE) and mean absolute error (MAE), were used to assess model’s performances.

Results and Discussion: By applying stepwise method, the first significant (at 95% level) variable entered to
the model was the HCO;. The second variable that entered to the model was Ca. The third and fourth ones were
Na and Q respectively. Mg was finally entered to the model. The optimal ANN architecture used in this study
consists of an input layer with five inputs, one hidden and output layer with three and two neurons for Anyan and
Safakhaneh hydrometer stations, respectively. Similar ANN, ANFIS-SC5 model had the best performance. It is
clear that the ANFIS with 0/4 and 0/7 radii value has the highest R and the lowest RMSE for Anyan and

Safakhaneh hydrometer stations, respectively. Various GEP models have been developed using the input
combinations similar ANN and ANFIS models. Comparing the GEP5 estimations with the measured data for the
test stage demonstrates a high generalization capacity of the model, with relatively low error and high
correlation. From the scatter plots it is obviously seen that the GEP5 predictions are closer to the corresponding
measured TDS than other models. As seen from the best straight line equations (assume the equation as y=ax) in
the scatter plots that the a coefficient for GEP5 is closer to 1 than other models. In addition to previous
operation, Gene expression programming offered mathematical relationships in the stations of Anyan and
Safakhane with the correlation coefficients, respectively 0.962 , 0.971 and with Root-mean-square errors,
respectively 12.82 , 29.08 in order to predict dissolved solids (TDS) in the rivers located at upstream of the dam.
The obtained results showed the efficiency of the applied models in simulating the nonlinear behavior of TDS
variations in terms of performance indices. Overall, the GEP model outperformed the other models. For all of
applied models, the best result was obtained by application of input combination (5) including HCO3, Ca, Na, Q
and Mg. The results are also tested by using t test for verifying the robustness of the models at 95% significance
level .Comparison results indicated that the poorest model in TDS simulation was ANN especially in test period.

The observed relationship between residuals and model computed TDS values shows complete independence
and random distribution. It is further supported by the respective correlations for GEP5 models (R? = 0.0011 for
Anyan station and R? = 0.0123 for safakhaneh station) which are negligible small. Plots of the residuals versus
model computed values can be more informative regarding model fitting to a data set. If the residuals appear to
behave randomly it suggests that the model fits the data well. On the other hand, if non- random distribution is
evident in the residuals, the model does not fit the data adequately. On the base of these results, we propose
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GEP, ANFIS-SC and ANN methods as effective tools for the computation of total dissolved solids in river water,
respectively.

Conclusion: It can be concluded that the ANN, ANFIS-GP, ANFIS-SC and GEP models can be considered
as promising tools for forecasting TDS values, based on water quality parameters. It is notable from the results
that the prediction accuracy of all applied models increases by increasing the number of input combinations.
With attention to the aim of current research that is presenting the feasibility of artificial intelligence techniques
for modeling TDS values, it is notable that the results presented in this paper are for research purpose and
applying the abstained results for real-world needs some complicated steps and building artificial intelligences
methods, based on complete data and parameters maybe affected the TDS values.
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