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Fig 1. Geographic location of hydrometric stations
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Table 1.  Correlation between parameters of surface water quality in study area

Station+NaCa2+HCO-
3Mg2+SO2-

4TDS
+Na1.0000.0300.0200.0020.1250.341
Ca2+1.0000.3100.0030.0470.313

HCO-
31.0000.2290.0000.668

Mg2+1.0000.0310.260
LighvanSO2-

41.0000.085

TDS1.000
+Na1.0000.0140.1970.0070.0100.303
Ca2+1.0000.3220.0010.0060.354

HCO-
31.0000.0970.0040.584

Mg2+1.0000.0840.122
HerviSO2-

41.0000.110

TDS1.000

Table 2. Combination of different inputs in 6 scenarios

ModelScenarioInputs combinationOutputs

MLP M51HCO-
3TDS

MLP M52Ca2+ HCO-
3TDS

MLP M53Na+ HCO-
3TDS

MLP M54Na+ Ca2+ HCO-
3TDS

MLP M55Mg2+ Na+ Ca2+ HCO-
3TDS

MLP M56SO2-
4 Na+ Ca2+ HCO-

3TDS
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Table 3. Criteria of performance evaluation in MLP and M5 models

ModelTrainTest

ScenarioRNSERMSEMAEMBERNSERMSEMAEMBE

M5
(Lighvan)

10.910.7813.838.53-0.840.870.8321.7414.69-4.29
20.820.7922.0215.09-0.080.870.8123.2215.79-6.86
30.810.7721.1514.92-0.200.920.8619.6812.86-6.06
40.880.7918.1712.15-1.000.910.8520.6213.73-7.47
50.900.8714.078.71-0.960.960.8520.2814.33-14.04
60.860.8918.1511.40-0.640.950.8718.6812.86-9.37

MLP
(Lighvan)

10.770.7727.2620.6812.540.830.6929.4521.231.41
20.780.7526.1019.349.870.830.7029.1420.65-1.64
30.800.7722.8616.256.020.890.7628.9817.49-4.29
40.840.8220.5413.910.170.910.8122.9514.96-7.87
50.910.8916.6112.12-8.050.960.8725.6820.04-20.04
60.870.8918.0714.472.020.940.8816.0111.01-3.80

M5
(Hervi)

10.700.7028.7522.080.000.830.7725.1720.04-4.31
20.720.7228.0021.270.000.870.8322.6818.20-4.04
30.740.7527.2820.620.000.880.8222.9017.71-6.60
40.770.7925.8419.450.000.930.8319.0014.86-6.62
50.910.8416.3410.810.000.950.8820.3515.74-15.07
60.860.8320.9014.37-0.010.920.8719.0214.66-7.42

MLP
(Hervi)

10.710.6729.6122.53-7.740.830.6629.0722.41-14.07
20.710.6928.9722.00-5.530.870.7426.5320.74-11.61
30.730.7228.0420.93-6.140.880.7326.7819.91-13.97
40.770.7925.9920.154.530.900.8019.4515.53-1.75
50.920.8416.4510.912.140.950.8119.1414.66-13.39
60.840.8321.1515.85-4.530.910.8119.0714.64-3.69

Fig 2. Estimation and observation magnitudes of total dissolved solids for 5 scenarios (Lighvan station)
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Fig 3. Estimation and observation magnitudes of total dissolved solids for 5th scenario in MLP and M5 models

(Lighvan station)

Fig 4. Estimation and observation magnitudes of total dissolved solids for 6th scenario (Lighvan station)
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Fig 5. Estimation and observation magnitudes of total dissolved solids for 6th scenario in MLP and M5 models

 (Lighvan station)
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1-  Root Mean Square Error
2- Mean Absolute Error
3- Mean Bias Error
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Fig 6. Estimation and observation magnitudes of total dissolved solids for 5th scenario (Hervi station)
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Fig 7. Estimation and observation magnitudes of total dissolved solids for 5th scenario in MLP and M5 models (Hervi station)
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Table 4. M5 equations for TDS prediction in two hydrometric stations

M

Equations presented in M5 model (Hevi station)Scenario

TDS= 59.09 * HCO-
3 + 70.301

TDS= 51.57 * HCO-
3 + 20.68 * Ca2+ + 58.012

TDS= 49.93 * HCO-
3 + 21.60 + Na+ + 65.823

TDS= 37.73* HCO-
3 + 28.18 * Ca2+ + 26.20* Na+ + 48.134

TDS= 8.77 * HCO-
3 + 51.71* Ca2+ + 46.91* Na+ + 64.60 * Mg2+ + 14.865

HCO-
3<= 1.85: TDS= 26.11* HCO-

3 + 25.14 * Ca2+ + 26.10 * Na+ + 43.28 * SO2-
4 + 50.72 (106\53.36%)

HCO-
3> 1.85: TDS= 66.56 * HCO-

3 + 2.61 * Ca2+ + 1.81 * Na+ + 55.05 * SO2-
4 + 28.19 (90\49.04%)

6

M

Equations presented in M5 model (Lighvan station)Scenario

TDS= 68.40 * HCO-
3 + 53.721

HCO-
3<=1.85: HCO-

3<=1.35: TDS= 16.88 * HCO-
3 + 54.69 * Ca2+ + 51.82 (47\45.51%)

HCO-
3<=1.85: HCO-

3>1.35: TDS= 12.65* HCO-
3 + 29.04 * Ca2+ + 109.14 (88\59.27)

HCO-
3> 1.85: TDS= 53.79 * HCO-

3 + 1.89 * Ca2+ + 85.39
2

TDS= 58.05* HCO-
3 + 22.34* Na+ + 48.453

HCO-
3<=1.85: HCO-

3<=1.35: TDS= 11.93 * HCO-
3 + 54.23 * Ca2+ + 41.32 * Na+ + 33.41 (47\33.46%)

HCO-
3<=1.85: HCO-

3>1.35: TDS= 8.98 * HCO-
3 + 30.23 * Ca2+ + 5.94 * Na+ + 107.91 (88\59.27%)

HCO-
3>1.85: Na+<=1.45: TDS= 48.91* HCO-

3 + 4.89 * Ca2+ + 6.83 * Na+ + 75.93 (77\40.94%)
HCO-

3>1.85: Na+>1.45: TDS= 56.83 * HCO-
3 + 10.53 * Ca2+ - 24.49 * Na+ + 127.19 (24\42.84%)

4

TDS= 13.45* HCO-
3 + 48.45 * Ca2+ + 45.02 * Na+ + 53.58 * Mg2+ + 16.645

TDS= 54.95 * HCO-
3 + 14.33 *  Ca2+ + 17.10 *  Na+ + 32.58 * SO2-

4 + 28.966
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