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Fig. 3. ACF and CCF plots for Ahmadabad-Dafeh water supply network: (a) ACF daily residual chlorine, (b) CCF of daily water
discharge and daily residual chlorine, (¢) CCF of daily consumption and daily residual chlorine
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Table 1. The amount of lags in input parameters to MLP
and SVM models

Water supply Q Clag RC lag
network lag(day) (day) (day)
Ahmadabad-Dafeh 9 1 1,2,3
Ahruiyeh 5 1 1,2,3

SVM yMLP sbeJue 4 (535,55 oS5 sl =Y Jou

Table 2. Structure of input combinations to MLP and
SVM models

Water supply Compo Compound structure
network und No.
1 RC-1
2 RC-1, RC-3
Ahmadabad- 3 RC-1,RC-3,C-1
4 RC-1, RC-3,C-1,Q-9
5 RC-1,RC-3, C-1,Q-9,RC-2
1 RC-1
2 RC-1,RC-3
Ahruiyeh 3 RC-1,RC-3, C-1
4 RC-1, RC-3, C-1,RC-2
5 RC-1,RC-3, C-1,RC-2, Q-5
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Table 3. Characteristics of input combinations to MLP model

Activation function

Water supply network Compound No. Network structure
Hidden layer Output layer

1 1-7-1 Tanh Logistic Sigmoid
2 2-9-1 Logistic Sigmoid Logistic Sigmoid
Ahmadabad-Dafeh 3 3-7-1 Logistic Sigmoid Logistic Sigmoid
4 4-12-1 Logistic Sigmoid Logistic Sigmoid

5 5-6-1 Logistic Sigmoid Tanh

1 1-3-1 Tanh Tanh
2 2-8-1 Logistic Sigmoid Logistic Sigmoid

Ahruiyeh 3 3-7-1 Logistic Sigmoid Tanh
4 4-5-1 Tanh Logistic Sigmoid
5 5-8-1 Tanh Logistic Sigmoid
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Table. 4. Results of SVM model parameters

Threefiifim Parameter
Ny Compownd _coman SLRBY
network . C € Y
1 10 0.05 2
2 11 0.009 1
Ah“];ﬁ:ﬁad' 3 10 0.03 0.37
4 13 0.009 0.25
5 11 0.009 0.68
1 40  0.009 1.5
2 11 0.008 0.6
Ahruiyeh 3 13 0.009 0.333
4 12 0.008 0.25
5 11 0.009 0.2
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Table 5. Results of evaluation criteria of MLP and SVM models in Ahmadabad-Dafeh water supply network

Training Testing
C"“l‘\}’(;’““d Model NS RMSE MAPE CORR NS RMSE MAPE CORR
) (mg/L) (%) (mg/L) (%)
MLP (BFGS) 0941 0.029 1.560 0970 0.9482 0.0256 0.935  0.974

MLP (gradient descent) ~ 0.888  0.040 3.355 0946 09222  0.031 2.557 0.964
MLP (conjugate gradient) 0.909  0.036 3.111 0954 0935  0.029 1.967 0.968
SVM (RBF) 0.927  0.032 3.063 0.964  0.933 0.029 2.752 0.966

MLP (BFGS) 0.942  0.029 1.498 0971 09481 0.0256 0.974 0.974

MLP (gradient descent)  0.869  0.043 3.660 0.935 0.909  0.034 3.032 0.955

2 MLP (conjugate gradient) 0.867  0.044 3.428 0.932  0.921 0.032 2.445 0.960
SVM (RBF) 0.925  0.033 1.628 0.962 0.935  0.029 1.294 0.968

MLP (BFGS) 0.942  0.029 1.650 0970 09484 0.0255  1.081 0.974

3 MLP (gradient descent)  0.850  0.046 4.221 0.929  0.904  0.035 2.980 0.953
MLP (conjugate gradient) 0.857  0.045 3.783 0.928 0.926  0.031 2.166 0.964

SVM (RBF) 0.898  0.038 2.329 0.948 0.925 0.031 1.855 0.963

MLP (BFGS) 0.943  0.029 1.741 0.971 0.943 0.029 1.170 0.971

4 MLP (gradient descent)  0.837  0.048 4.476 0.926  0.883 0.039 3.524 0.946
MLP (conjugate gradient) 0.914  0.035 3.203 0.958 0.929  0.030 2.447 0.966

SVM (RBF) 0.890  0.040 1.834 0.944  0.921 0.032 1.274 0.960

MLP (BFGS) 0.944  0.028 1.541 0972 0947  0.026 1.021 0.973

5 MLP (gradient descent)  0.883  0.041 3.937 0.947 0911 0.034 2.605 0.960

MLP (conjugate gradient) 0.892  0.039 3.837 0.945 0.926  0.031 2.106 0.963
SVM (RBF) 0.932  0.031 1.916 0.966  0.935 0.029 1.756 0.967

3 Slanl 253 SVM 5 MLP (sladae (o5} slasbne b= Jgiz
Table 6. Results of evaluation criteria of MLP and SVM models in Ahruiyeh water supply network

Training Testing
C"“l‘\}’(;’““d Model NS RMSE MAPE CORR NS RMSE MAPE CORR
) (mg/L) (%) (mg/L) (%)
MLP (BFGS) 0.8731 0.0394 4.183  0.938  0.609 0.035 2.088  0.783

MLP (gradient descent) 0.854  0.042 6.141 0.937 0496  0.039 4.281 0.763
MLP (conjugate gradient)  0.844  0.044 5.513 0944  0.573  0.036 1.934 0.757
SVM (RBF) 0.8732  0.0393  2.683 0.937  0.479 0.40 2.451 0.741

MLP (BFGS) 0.894  0.036 3.057 0.946  0.569  0.036 1.974 0.766

MLP (gradient descent) 0.875 0.039 4.736 0.943  0.590  0.035 2.217 0.774

2 MLP (conjugate gradient) ~ 0.875  0.039  4.736 0943 0590  0.035 2217  0.774
SVM (RBF) 0.881 0038 2282 0.6740 0476 0.040 2.116  0.740

MLP (BFGS) 0904 0034 2993 0951 0589 0035 1904 0.793

MLP (gradient descent) ~ 0.881  0.038  4.294 0941 0538  0.038  2.647  0.759

3 MLP (conjugate gradient) ~ 0.883  0.038  4.165 0942 0494  0.039 2664  0.726
SVM (RBF) 0879 0038 2136 0939 0472 0040 1932 0.738

MLP (BFGS) 0.881 0038 4218 0940 0553 0037 1828  0.761

MLP (gradient descent) ~ 0.877  0.039  5.181  0.943 0423  0.042 4492  0.723

4 MLP (conjugate gradient) ~ 0.882  0.038  3.993  0.944  0.526 0.038 2.063  0.741
SVM (RBF) 0.880 0038 2.139 0939 0469 0040 1929  0.737

MLP (BFGS) 0915 0032 2277 0957 0.9 0035 1.675 0.786

5 MLP (gradient descent) ~ 0.873  0.039  5.534  0.943 0404 0.043 5069  0.728

MLP (conjugate gradient)  0.888  0.037 4.218 0945  0.529  0.038 2.143 0.746
SVM (RBF) 0.880  0.038 2.041 0.940 0469  0.040 1.856 0.738
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Table 7. Superiority of MLP and SVM models over
other modeling cases in this study

Priority percentage (%o_

Model
Training Testing
MLP (BFGS) 80 90
MLP (gradient descent) 0 0
MLP (conjugate gradient) 10 10
SVM (RBF) 10 0

O_:\QL)JJALSLB:J\Q}A.; .@‘o)ﬁ@bﬁ—‘,&.ﬁgl.@hjébf}»
Lol ga o 4 4 55 cailoaition, 51 £ 50 sla S8 s oS5

1 55 109 163
Time (day)

217

0.9 4

0.8 1

0.7 4

0.6 1

0.5

0.4 4

0.3 1

Predicted values (mg/L)

0.2 1

0.1 1

0 T T T T T T T T ]
0 01 02 03 04 05 06 07 08 09

Measured values (mg/L)

Fig. 5. Measured and predicted values of the best combination in experimental phase for Ahmadabad-Dafeh
water supply network (combination No. 3 in MLP-BFGS model): (a) chlorine residual plot, (b) scatter plot
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Fig. 6. Measured and predicted values of the best combination in experimental phase of Ahruiyeh water supply
network (combination No. 1 in MLP-BFGS model): (a) chlorine residual plot, (b) Scatter plot
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