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1- Artificial Intelligence Methods

2- Artificial Neural Networks (ANNS)

3- Adaptive neuro fuzzy inference system (ANFIS)
4- Grid Partitioning (ANFIS-GP)

5- Subtractive Clustering (ANFIS-SC)
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Figure 1- Geographical location of selected hydrometricstations in study area
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Table 1- General characteristics of Zarrineh River basin in selected hydrometric stations

5 god daxi
oKy FHECYRN T ol che LW oL e Job P Number of samples
Station River e bp o Lomgitde  glbi Gl

(km) Elevation (m) (°B) Latitude (°N) Dry V‘\fétﬂe:i)d
period p
Ollé‘ gl 1221 1460 46 °26° 36 127 27 91
Anian Jeghatu chay
h o 1404 1434 46 °33° 36 °10° 26 74
Sonate Khorkhore chay
wlslio Strdsibe 2219 1475 46 °42° 36 °24' 30 84
Safakhaneh Sarug chay
el 29,40)) 7160 1380 46 °29° 36 °29° 42 80
Sarigamish Zarrineh roud
Blofe 9! 467 1410 46 °28’ 36 °57" 22 80
Janagha Ajerlu
S o 384 1500 46 °26' 3635 22 78
Mahmudabad Ghavre chay
Hples 29042 11158 1283 46 °56’ 37 °03’ 41 79
Nezamabad Zarrineh roud
295455 312l Ad g Uao (6 shog i (Soliuuny] (o33 & byt so (5Ll (5l yial )y -2 Jga
Table 2- Statistical parameters of base hydrometric stations of Zarrineh River basin
b ell Q HCO, cL so, Ca Mg Na TDS
Parameters
L-J:‘ijt (m*s?) (meq.L?) (megq.L™) (meq.L?) (meg.L™) (meg.L™) (meq.L?) (mg.L™)
) oS o g0 1 0.1 0.1 1 0.1 0.1 130
Jslas Dry periods
Min - ol st g4 0.9 0.05 0.04 1 0.1 0.09 84,5
Wet periods
N S Y 238 5.6 5.8 65 5.4 793
Sl Dry periods
Max: oz sl gy 8.4 42 5 7 2.4 56.4 676
Wet periods
) oS sl 947 336 0.58 1.29 2.68 52.1 0.85 303.4
Ol Dry periods
Average  wlx sl 4598 305 0.43 1.02 2.59 1.25 0.5 253.01
Wet periods
cops SR g9 o4 gss2 1588 33.04 70 10581  43.62
Dry periods
s Ty (claoysd
CV (%) SRS o080 30.83 71.79 76.08 29.18 62.93 95.23 38.92
(%)
Wet periods
. . .5 L. T . & . . . N .
ol b9y 30 5~ (el (hj90l 205 Ly (—dalS pLalS &=L SFse e Srasd slagly) e ol

4 3 2

¢ ]41> S5 e /I‘ I'l).)l/‘o.lw Lo
3- Fletcher Conjugate Gradient (CGF) Shioe S ol gl g Ol o
4- One Step Secant (OSS)

5- Gradient descent with adaptive learning rate 1- Levenberg-Marquardt (LM)
backpropagation(GDA) 2- Scaled Conjugate Gradient (SCG)
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Figure 2- Schematic diagram of a multi-layered neural networkwith the model inputs
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Figure 3- Overview of the Adaptive Neuro Fuzzy Inference System for mentioned simple example
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Table 3- Correlation coefficients between the parameters of water guality and discharge during thedry period

L 2l TDS Flow HCO3 So, Ca Mg Na

Parameters (mgL™)  (m’s")  (meqLl™) (meqL?) (meqL”) (meqL”) (meqlL™) (meqL™)
TDS (mg.L'h 1

Flow (m3.s?) -0.342* 1
HCO; meqL?)  0.671*  -0.346* 1

CI (meq.L?) 0.750%  -0.162%  0.223* 1

So, (megq.L ) 0.186* | -0.050. - 0.157* 0.088 1

Ca(meq.L™) 0.662* -0.295* 0.659* 0.405* 0.165* 1

Mg (meq.L?) 0201*  -0.072 0.062 0.031 0.019 0.077 1

Na (meq.L™) 0.795* -0.187* 0.531* 0.714* 0.093 0.258* 0.038 1

995 abaws > (g, ixe™

5 2593 Jsb 33 olisn 9 T CadsS (il oy (Koot -4 Jgu>
Table 4- Correlation coefficients between the parameters of water quality and discharge during the wet period

[ESWINT] TDS Flow 1 Cl S04 Ca Mg Na
parameters  (mgLY)  (mis?) HCOrMEALD (req) ) (meql?) (meq.L?) (meql?) (meq.L?)
TDS (mg.Lh) 1
Flow (m®s?)  -0.256* 1
HCOs; meq.L?) 0.801* -0.231* 1
Cl(meq.L)  0207*  -0.072 0.228* 1
So, (megLl)  0.502¢  -0.131 0.402* 0.884* 1
Ca (meq.L'l) 0.782* -0.224* 0.796* 0.407* 0.562* 1
Mg (meq.L'l) 0.735* -0.235* 0.714* 0.588* 0.745* 0.562* 1
Na (meq.L'l) 0.270* -0.060 0.259* 0.960* 0.904* 0.394* 0.589* 1

%95 saws )3 (5l gxe™


www.SID.ir

1395 sl — ¢yt B o lens 30wl (S 9 T 4 i 1740

5 ol Y 0 Sye gl ol &Y )3 (09 25 6 1) Loy
38 geil 3y90 S 5 a9 42 piasS 2 0 (29,5 &Y
5 S 0)92 93 slms 1185 3,0 )5Sl gy (slliales 88
Slaye oo Joho ol Joo cyiae 5 12l Jue 500 1
w9 ya clyy O/0L ojge] e puo 9 1000 ),S5 shass s
i Jho Aull (651 (cmas b9y ) Led 38 (s
oS At gl yehly (slie oy Juo Colus ol < i i
Ot 85 ploul bl oo LU jao ol 53 o Olyeis 03900
0/02 515 ojlu0l 5 9w g9 (bl ailobus 3l odlazal b Jso
s 5 tnlS (L3S gy S5 oS e (objgel otz yS)l
e sl Jis wlasuin )5 e bl o lad Glayye

ol 005 03,51 5 Jgi )3 (ks (gjlém e

s 4 (i Jie 50 eolatul cga Wodly (gl s
X R X min
X o — X (6)

Kinin ¢ lalin 02> lide I Xg wid Jloy saly Xy ‘OT »as

Xy =

max — /M min
el G i Konax 5 halie slaosly ke oy 508
e sl adgl claosly (gjluoslel I aw .l Slanlie
Lo ygd 53 dgydiny; asldag, ol TDS Jolome clisls oliue
i e g (Ssian ras 4Sud slagbsy (ol s leS
el 00 43,8 IS & MATLAB (¢l58lp 55 Lasma )3 _inds
sl EGaas  uas sladSil digy Hlsle o Oy G
Slaws alos jl aSis o (sl yial)ly las dyge calisee (glapis oS!

(e p5 (giadinns Jto) (iaalas (g5l ovas it (S0 ©lasusio -5 Jgur
Table 5- Characteristics of optimize Adaptive Neuro Fuzzy models

3 I gy o 3L
- o 29 ‘-’l‘g _é"t" | Model structure
e main and interna . z N
functions sl FWlhe 093 oS Fllas 29
Wet period Dry period
’ e glad 0.58 o3 glad 0.72
Prod AND Radii values : Radii values '
L lao 5 shiss oo 8 slss
42 58
Probor OR Number of Nodes Number of Nodes
Prod > ks ool s 16 ks slo )y S o4
Implication Number of linear parameters Number of linear parameters
Max s bt cloyzabl sl st slo el sl ”
Aggregation Number of nonlinear parameters Number of nonlinear parameters
Wiaver Silocsil s 3B oleh Sl 38 olsh Sl 3
Defuzzification Number of fuzzy rules Number of fuzzy rules
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Table 6- Characteristics of optimized artificial neural networks and the calculated statistical parameters to estimate the TDS
in Zarrineh River basin

sy 3 ol
Sl Jw Ul g 0U Training Test
Study Name and model structure R RMSE MAE R RMSE MAE
periods (mg/lL)  (mg/L) (mg/L)  (mg/L)
ANNZ1(LM, Logsig, Purelin,7—2—1)* 0.987 21.00 16.48 0.972  36.69 22.10
: ANNZ2(CGF, Tansig, Purelin,7—6—1) 0.979 26.01 18.85 0.967  39.69 27.38
stod ANN3(GDA, Tansig, Purelin7—6—-1)  0.983 2344  16.80 0941 458  1.80
Dry period ANN4(OSS, Logsig, Purelin7—8—1) 0983 23.67  17.29 0941 491 1.00
ANNS5(SCG, Logsig, Purelin,7—5—1) 0.969 31.75 23.56 0.961 1.38 0.36
ANNZL(LM, Logsig, Purelin,7—5—1) 0.977  20.59 15.88 0.968 1.60 0.25
: ANN2(CGF, Logsig, Purelin,7—8—1) 0.963 26.01 19.90 0.950 0.48 0.20
Lﬁ"i_ ANNB3(GDA, Tansig, Purelin,7—11—-1) 0.929 35.77 23.56 0.839 0.78 0.36
Wetperiod ~ ANN4(OSS, Logsig, Purelin7—9—1) 0973 2223  17.28 0.943 -~ 0.48 0.20
ANNS5(SCG, Logsig, Purelin,7—9—1) 0.974 21.85 16.93 0.958 0.61 0.67
e ANFISL 0988 2029 | 1582 0975 083  0.25
Dry period
. ANFIS2 0974 22.01 17.11 0.969  0.27 0.39
Wet period
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Figure 4- Evaluating the results of models based on correlation coefficient, Root Mean Square Error and Mean Average
Error in dry and wet periods in the training step
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Figure 5- Best fit curve and observed and estimated curves of ANN-LM and ANFIS-SC for test data in dry periods
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Introduction: A total dissolved solid (TDS) is an important indicator for water quality assesment. Since the
composition of mineral salts and discharge affects the TDS of water, it is important to understand the
relationships of mineral salts composition with TDS.

Materials and Methods: In this study, methods of artificial neural networks with five different training
algorithm,Levenberg-Marquardt (LM), Scaled Conjugate Gradient (SCG), Fletcher Conjugate Gradient (CGF),
One Step Secant (OSS) and Gradient descent with adaptive learning rate backpropagation(GDA)algorithm and
adaptive Neurofuzzy inference system based on Subtractive Clustering were used to model water quality
properties of Zarrineh River Basin, to be developed in total dissolved solids prediction. ANN and ANFIS
program code were written in MATLAB 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. Therefore, water quality data from seven
hydrometer stationswere used during the statistical period of 18years (1993-2010).In this research, the study
period was divided into two periods of dry and wet flow, and then in a preliminary statistical analysis, the main
parameters affecting the estimation of the TDS are determined and isused for modeling. 75% of data are used for
remaining and 25% of the data are used for evaluation of the model, 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 models’ performances.

Results and Discussion: By applying correlation coefficients method between the parameters of water
quality and discharge with total dissolved solid in two periods, wet and dry periods, the significant (at 95%
level) variables entered into the model were Q, HCOjs., Cl, So4, Ca, Na and Mg. The optimal ANN (LM)
architecture used in this study consists of an input layer with seven inputs, one hidden and output layer with two
and five neurons for dry and wet periods, respectively. Similar ANN(LM), ANFIS-SC model had the best
performance. It is clear that the ANFIS with 0/72 and 0/58 radii value has the highest R and the lowest RMSE

for dry and wet periods, respectively. Comparing the ANFIS-SC 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 ANFIS-SC predictions are closer to the corresponding
measured TDS than other models in two periods. As seen from the best straight line equations (assume the
equation as y=ax) in the scatter plots that the coefficient for ANFIS-SC is closer to 1 than other models. In
addition ANFIS-SC performancedwith the correlation coefficients in dry and wet periods, respectively 0.975 ,
0.969 and with Root-mean-square errors, respectively 34.41 , 23.85 in order to predict dissolved solids (TDS) in
the rivers of Zarrineh River Basin. The obtained results showed the efficiency of the applied models in
simulating the nonlinear behavior of TDS variations in terms of performance indices. The results are also tested
by using t test for verifying the robustness of the models at 99% significance level .Comparison results indicated

that the poorest model in TDS simulation was ANN-GDAIn dry and wet periods, 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 ANFIS-SC models (R“ = 0.0012 for
dry period and R* = 0.0214 for wet period) 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 ANFIS-SC and
ANN (LM) methods as effective tools for the computation of total dissolved solids in river water, respectively.
Conclusion: It can be concluded that the ANN with Levenberg-Marquardt training algorithm and ANFIS-SC
models can be considered as promising tools for forecasting TDS values, based on water quality parameters.
With attention to the aim of current research that is presenting the feasibility of artificial intelligence techniques
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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.

Keywords: Adaptive neuro fuzzy inference system, Artificial neural network, Dissolved solids, Zarrineh
River
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