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Accuracy and Uncertainty Analysis of Intelligent Techniques for
Predicting the Longitudinal Dispersion Coefficient in Rivers
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Abstract

Accurate prediction of longitudinal dispersion coefficient (LDC) can be useful for the determination of
pollutants concentration distribution in natural rivers. However, the uncertainty associated with the results
obtained from forecasting models has a negative effect on pollutant management in water resources. In this
research, appropriate models are first developed using ANN and ANFIS techniques to predict the LDC in natural streams.
Then, an uncertainty analysis is performed for ANN and ANFIS models based on Monte-Carlo simulation. The input
parameters of the models are related to hydraulic variables and stream geometry. Results indicate that ANN is a suitable
model for predicting the LDC, but it is also associated with a high level of uncertainty. However, results of uncertainty
analysis show that ANFIS model has less uncertainty; i.e. it is the best model for forecasting satisfactorily the LDC in natural
streams.

Keywords: Monte-Carlo, Longitudinal Dispersion Coefficient, Neural Network, Adaptive Neuro-
Fuzzy Inference System, Bound Wide Factor.
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No. Reference Channel W (m) H (m) U (m/s) U* (m/s) LDC (m%s) No. Reference Channel W (m) H (m) U (m/s) U* (m/s) LDC (m2/s)
1 Nordin and Sabol [20] ‘Wind/Bighorn River 85.34 238 1.74 0.153 464.6 51 Fischer [16] Copper Creek 80 2.74 0.14 0.0097 349
2 Godfrey and Frederick [17] Copper Creek 18.29 0.38 0.15 0.116 20.71 52 McQuivey and Keefer [19] Comite River 12.5 0.26 0.31 0.043 6.97
3 Godfrey and Frederick [17] Clinch River 57.91 2.45 0.75 0.104 40.49 53 McQuivey and Keefer [19] John Day River 24.99 0.56 1.01 0.14 13.94
4 Nordin and Sabol [20] Comite River 15.7 0.23 0.36 0.039 69 54 Godfrey and Frederick [17] Clinch River 48.46 1.16 0.21 0.069 14.76
5 Nordin and Sabol [20] Conococheague Creek 42.21 0.69 0.23 0.064 40.8 55 Godfrey and Frederick [17] Clinch River 53.24 241 0.66 0.107 36.93
6 McQuivey and Keefer [19] Radkin River 71.63 3.84 0.76 0.128 260.13 56 Fischer [16] Clinch River 36 0.58 0.3 0.049 8.08
7 Nordin and Sabol [20] Sabine River 14.17 0.5 0.13 0.037 12.8 57 Fischer [16] Copper Creek 159 0.49 0.21 0.079 19.52
8 Fischer [16] Clinch River 53.3 2.09 0.79 0.107 46.45 58 McQuivey and Keefer [19] Elkhom River 32.6 0.3 0.43 0.046 9.29
9 Nordin and Sabol [20] Sabine River 12.19 0.51 0.23 0.03 14.7 59 Fischer [16] Power Rriver 338 0.85 0.16 0.055 9.5
10 Nordin and Sabol [20] Tickfau River 14.94 0.59 0.27 0.08 10.3 60 Nordin and Sabol [20] Tangioahoa River 31.39 0.81 0.48 0.072 45.1
11 Nordin and Sabol [20] Sabine River 160.32 2.32 1.06 0.054 308.9 61 McQuivey and Keefer [19] Bayou Anacoco 36.58 0.91 0.4 0.067 39.48
12 McQuivey and Keefer [19] Sabine river 127.4 4.75 0.64 0.081 668.9 62 McQuivey and Keefer [19] Missouri River 183 2.33 0.89 0.066 465
13 Nordin and Sabol [20] Sabine River 21.34 0.93 0.36 0.035 242 63 McQuivey and Keefer [19] Elkhom River 50.9 0.42 0.46 0.046 20.9
14 Godfrey and Frederick [17] Powell River 36.78 0.87 0.13 0.054 15.5 64 McQuivey and Keefer [19] Bayou Anacoco 80 2.74 0.034 0.0024 223
15 Godfrey and Frederick [17] Powell River 20 0.42 0.29 0.045 139 65 McQuivey and Keefer [19] Wind/Bighorn River 67.1 0.98 0.88 0.11 41.81
16 McQuivey and Keefer [19] Antietam Creek 19.8 0.52 0.43 0.069 9.29 66 Fischer [16] Copper Creek 18.3 0.84 0.52 0.1 214
17 Nordin and Sabol [20] Chattahoochec River 75.59 1.95 0.74 0.138 88.9 67 McQuivey and Keefer [19] John Day River 34.14 2.47 0.82 0.169 65.03
18 McQuivey and Keefer [19] Missouri River 182.9 223 0.93 0.065 464.52 68 McQuivey and Keefer [19] Wind/Bighorn River 68.58 2.16 1.55 0.168 162.58
19 Nordin and Sabol [20] Monocacy River 97.54 1.15 0.32 0.058 119.8 69 McQuivey and Keefer [19] Chattahochee River 65.5 1.13 0.39 0.075 32.52
20 McQuivey and Keefer [19] ‘Wind/Bighorn River 59.44 1.1 0.88 0.119 41.81 70 McQuivey and Keefer [19] Missouri River 197 3.11 1.53 0.078 892
21 McQuivey and Keefer [19] Sabine River 35.1 0.98 0.21 0.041 39.48 71 McQuivey and Keefer [19] Bayou Anacoco 19.8 0.41 0.29 0.044 13.94
22 Nordin and Sabol [20] Chattahoochec River 16.66 0.49 0.2 0.08 16.84 72 Nordin and Sabol [20] Difficult Run 14.48 0.31 0.25 0.062 1.9
23 Nordin and Sabol [20] Bayou Bartholomew 17.53 0.45 0.32 0.024 58 73 Nordin and Sabol [20] Red River 155.14 1.74 0.47 0.036 177.7
24 McQuivey and Keefer [19] Monocacy River 36.6 0.45 0.32 0.051 13.94 74 Nordin and Sabol [20] Monocacy River 48.7 0.55 0.26 0.052 37.8
25 McQuivey and Keefer [19] Amite River 42.4 0.8 0.42 0.069 30.2 75 Nordin and Sabol [20] Little Pincy Creek 15.85 0.22 0.39 0.053 7.1
26 Seo and Cheong (1998) Monocacy River 92.96 0.71 0.16 0.046 414 76 McQuivey and Keefer [19] Nooksack River 86 2.94 1.2 0.514 153.29
27 Fischer [16] Copper Creek 18.6 0.39 0.14 0.116 9.85 77 Godfrey and Frederick [17] Copper Creek 16.76 0.47 0.24 0.08 24.62
28 McQuivey and Keefer [19] Muddy Creek 19.5 1.2 0.45 0.093 325 78 Nordin and Sabol [20] Antletam Creek 21.03 0.48 0.62 0.069 259
29 Fischer [16] Copper Creek 16.2 0.49 0.25 0.079 9.5 79 McQuivey and Keefer [19] Susquehanna River 203 1.35 0.39 0.065 92.9
30 McQuivey and Keefer [19] Missouri River 201 3.56 1.28 0.082 836.13 80 McQuivey and Keefer [19] Antietam Creek 15.8 0.39 0.32 0.06 9.29
31 Nordin and Sabol [20] Chattahoochec River 91.9 2.44 0.52 0.094 166.9 81 Nordin and Sabol [20] Mississippi River 533.4 4.94 1.05 0.069 457.7
32 McQuivey and Keefer [19] Amite River 37 0.81 0.29 0.07 232 82 Nordin and Sabol [20] Mississippi River 711.2 19.94 0.56 0.041 237.2
33 Seo and Cheong (1998) Mississippi River 537.38 8.9 1.51 0.097 341.1 83 Nordin and Sabol [20] Amite River 21.34 0.52 0.54 0.027 501.4
34 Godfrey and Frederick [17] Clinch River 28.65 0.61 0.35 0.069 10.7 84 Nordin and Sabol [20] Tangioahoa River 29.87 0.4 0.34 0.02 44

35 Yotsukura et al. (1970) Missouri River 180.59 3.28 1.62 0.078 1486.45 85 Nordin and Sabol [20] Red River 253.59 1.62 0.61 0.032 143.8
36 McQuivey and Keefer [19] Nooksack River 64.01 0.76 0.67 0.268 34.84 86 Nordin and Sabol [20] Bear Creek 13.72 0.85 1.29 0.553 29
37 McQuivey and Keefer [19] Comite River 15.8 0.41 0.37 0.055 13.94 87 Nordin and Sabol [20] Red River 161.54 3.96 0.29 0.06 130.5
38 Nordin and Sabol [20] Antletam Creek 12.8 0.3 0.42 0.057 17.5 88 Nordin and Sabol [20] Red River 152.4 3.66 0.45 0.057 227.6
39 Nordin and Sabol [20] Monocacy Civer 51.21 0.65 0.62 0.044 29.6 89 McQuivey and Keefer [19] Muddy Creek 13.4 0.81 0.37 0.077 13.9
40 Fischer [16] Clinch River 59.4 2.13 0.86 0.104 53.88 90 Nordin and Sabol [20] Wind/Bighorn River 442 1.37 0.99 0.142 184.6
41 Seo and Cheong (1998) Monocacy River 40.54 0.41 0.23 0.04 66.5 91 McQuivey and Keefer [19] Monocacy River 475 0.87 0.44 0.07 37.16
42 McQuivey and Keefer [19] Antietam Creek 24.4 0.71 0.52 0.081 25.55 92 Nordin and Sabol [20] Antletam Creek 11.89 0.66 0.43 0.085 20.9
43 Nordin and Sabol [20] Sabine River 116.43 1.65 0.58 0.054 131.3 93 Nordin and Sabol [20] Bayou Bartholomew 33.38 1.4 0.2 0.031 54.7
44 McQuivey and Keefer [19] ‘White River 16 0.43 0.37 0.056 13.9 94 McQuivey and Keefer [19] Bayou Anacoco 2591 0.94 0.34 0.067 32.52
45 McQuivey and Keefer [19] Monocacy River 35.1 0.32 0.21 0.043 4.65 95 Nordin and Sabol [20] Conococheague Creek 49.68 0.41 0.15 0.081 29.3
46 Fischer [16] Clinch River 46.9 0.86 0.28 0.067 13.93 96 McQuivey and Keefer [19] Radkin River 70.1 2.35 0.43 0.101 111.48
47 McQuivey and Keefer [19] ‘White River 67 0.55 0.35 0.044 30.2 97 Nordin and Sabol [20] Antletam Creek 24.08 0.98 0.59 0.098 101.5
48 Nordin and Sabol [20] Salt Greek 32 0.5 0.24 0.038 522 98 Godfrey and Frederick [17] Copper River 19.61 0.84 0.49 0.101 20.82
49 McQuivey and Keefer [19] Sabine River 103.6 2.04 0.56 0.054 315.87 99 Godfrey and Frederick [17] Conchella Canal 24.69 1.58 0.66 0.041 5.92
50 Nordin and Sabol [20] Conococheague Creek 42.98 1.13 0.63 0.081 533 100 Fischer [16] Coachell Canal 244 1.56 0.67 0.043 9.57
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