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Fig. 4.31 Scatter plot of suspended sediment concentration using M-7 model
during testing period at Anandpur station
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Fig. 4.32 Scatter plot of suspended sediment concentration using M-8 model
during testing period at Anandpur station



4.1.4 Quantitative evaluation of suspended sediment concentration models at
Anandpur station

Mean square error (MSE), normalized mean square error (NMSE), root mean
square error (RMSE), coefficient of correlation (r), minimum description length
(MDL), Akaike’s information criterion (AIC) and coefficient of efficiency (CE) for
suspended sediment concentration models at Anandpur station were calculated using
Equation 3.14 to Equation 3.20, respectively. Performance evaluation indices for
models during training and testing period at Anandpur station are given in Table 4.5

and 4.6, respectively.

It is clear from Tables that the root mean square error (RMSE) for these five
selected models varied from 0.0295 to 0.0305 g/l and 0.0071 to 0.0114 g/l during
training and testing periods, respectively. The values of correlation coefficient (r)
varied from 0.473 to 0.537 and 0.833 to 0.993 during training and testing periods,
respectively. The values of coefficient of efficiency (CE) during the training and
testing periods ranged from 0.9984 to 0.9985 and 0.9984 to 0.9994, respectively.
Mean square error (MSE) values ranged from 0.00087 to 0.00093 g*/1* and 0.00005 to
0.00013 g*/1*> during training and testing periods, respectively. The values of
normalized mean square error (NMSE) during training and testing periods varied
from 0.7395 to 0.7920 and 0.3050 to 0.8078, respectively. Also the values of
Akaike’s information criterion (AIC) during the training and testing period ranged
between -17086.21 to -16882.53 and -11895.47 to -10754.75, respectively. The values
of minimum description length (MDL) varied from -16993.13 to -16621.21 and
-11752.57 to -10529.52 during the training and testing periods, respectively.

Based on the selected criteria, five artificial neural networks based models i.e.
M-1, M-3, M-5, M-6 and M-7 were found to be performing better than out of the
eight models. On the basis of comparison among values of mean square error (MSE),
normalized mean square error (NMSE), Akaike’s information criterion (AIC),
coefficient of efficiency (CE), minimum description length (MDL), coefficient of
correlation (r) and root mean square error (RMSE) of five selected artificial neural
networks based models, it was found that M-1 model is the best performing model at
Anandpur station. M-1 model had the minimum values of mean square error (0.00005
g*/1%), Akaike’s information criterion (-11895.47), minimum description length

(-11752.57), normalized mean square error (0.3050), and root mean square error



Table 4.5 Performance evaluation indices of ANNs models for training periods at Anandpur station of Baitarani river basin

Training
Model arfﬁ::’(c):‘l:re No. of epochs RMSE MSE
) ran (@) r CE (g2 1) NMSE AIC MDL
M-1 2-7-7-1 23 0.0302 0.473 0.9984 0.00091 0.7810 -16882.53 -16707.76
M-2 3-9-9-1 22 0.0329 0.511 0.9981 0.00108 0.9179 -16382.43 -16106.98
M-3 4-4-4-1 26 0.0295 0.537 0.9985 0.00087 0.7442 -17086.21 -16993.13
M-4 5-10-10-1 32 0.0297 0.535 0.9984 0.00088 0.7476 -16791.23 -16428.39
M-5 6-8-8-1 35 0.0295 0.519 0.9985 0.00087 0.7435 -16896.66 -16621.21
M-6 7-6-1 22 0.0295 0.523 0.9985 0.00087 0.7395 -17077.56 -16961.68
M-7 8-4-4-1 22 0.0305 0.515 0.9984 0.00093 0.7920 -16902.27 -16778.79
M-8 9-5-5-1 35 0.0377 0.569 0.9975 0.00142 1.2128 -15811.11 -15638.24




Table 4.6 Performance evaluation indices of ANNs models for testing periods at Anandpur station of Baitarani river basin

Testing
Model arljﬁ:::’;c);l:re No. of epochs RMSE MSE
o @ r CE @y NMSE AIC MDL
M-1 2-7-7-1 23 0.0071 0.993 0.9994 0.00005 0.3050 -11895.47 -11752.57
M2 3-9-9-1 22 0.0173 0.828 0.9962 0.00030 1.7983 -9624.84 -9399.61
M-3 4-4-4-1 26 0.0114 0.833 0.9984 0.00013 0.8078 -10793.12 -10717.01
M4 5-10-10-1 32 0.0118 0.831 0.9982 0.00014 0.8275 -10479.72 -10183.04
M-5 6-8-8-1 35 0.0110 0.835 0.9985 0.00012 0.7122 -10754.75 -10529.52
M-6 7-6-1 22 0.0095 0.838 0.9989 0.00009 0.5599 -11216.42 -11121.67
M-7 8-4-4-1 22 0.0078 0.839 0.9992 0.00006 0.3699 -11714.22 -11613.25
M-8 9-5-5-1 35 0.0268 0.753 0.9909 0.00072 4.3884 -8644.41 -8503.06




(0.0071 g/l) and maximum values of coefficient of efficiency (0.9994) and coefficient
of correlation (0.993) in comparison to M-3, M-5, M-6 and M-7 models during testing
period at Anandpur station. Therefore, the performance of the M-1 model was found
to be best for prediction of daily suspended sediment concentration at Anandpur
station. The order of models performance from best to worst for five selected models

at Anandpur station was found to be M-1 > M-7 > M-6 > M-5 > M-3.

On the basis of comparison between qualitative and quantitative evaluation for
best model at Anandpur station, the M-1 model in which present day suspended
sediment concentration (SSC) depends on the present day discharge and one lag day
suspended sediment concentration with (2-7-7-1) network architecture i.e. 2 input
variables, seven-seven neurons in first and second hidden layers and single output

processing element is found to be best out of eight models.

Based on different qualitative and quantitative evaluation criterion during
testing periods for all models taken together, it was observed that the M-6 model with
(7-5-5-1) network architecture i.e. 7 input variables (i.e. present day discharge, one-
two and three lag days discharge, one-two and three lag days suspended sediment
concentration), five neurons in first hidden layer, five neurons in second hidden layer
and single output processing element was found to be best out of all models at
Champua station. At Anandpur station the M-1 model with (2-7-7-1) network
architecture i.e. 2 input variables (i.e. present day discharge and one lag day
suspended sediment concentration), seven neurons in first hidden layer, seven neurons
in second hidden layer and single output processing element was found to be best out
of all models. The selection of different best models i.e. M-6 at Champua station
located at the top and M-1 at Anandpur station located at the outlet of the Baitarani
river basin indicated that there are much geologic, hydrologic and geometric

dissimilarity at both the stations.

Quantitative and qualitative performance evaluation during testing periods at
both the stations of Baitarani river basin indicated that artificial neural networks based
models can be successfully applied for the prediction of daily suspended sediment
concentration using present and previous day/days discharges and previous day/days

suspended sediment concentrations.






5. SUMMARY AND CONCLUSIONS

Artificial neural networks based models were developed to predict daily
suspended sediment concentration for the Baitarani river at Anandpur and Champua
stations using daily discharge and daily suspended sediment concentration. The 30
years data (June 1977 to September 2006) used in this study was divided into two sets
viz. a training set (1977-1996) for model calibration and a testing set (1997-2006) for

validation of models developed for both the stations.

Artificial neural networks based daily suspended sediment concentration
models were developed by using present day discharge (Q,) along with the different
combinations of previous days discharges (Qy.1), Q-2)» Qu-3) and Qy..4)) and previous
days suspended sediment concentrations (S.7), S(.2), Si-3) and Si:.4)) for the prediction
of present day suspended sediment concentration (S;. Eight models for Anandpur and
Champua stations were developed by using various combinations of discharge and

suspended sediment concentration.

ANNs models were calibrated by using multilayer feedforward back
propagation neural networks for maximum epochs of 1000 and threshold value of
0.001 with varying number of neurons i.e. from 1 to 10 in single and double hidden
layer using sigmoid activation function and Levenberg-Marquardt (L-M) learning

algorithm for both the stations of Baitarani river basin.

The performance of the developed models was evaluated qualitatively by
visual observations and quantitatively. In qualitative evaluation of models, the
observed and the computed suspended sediment concentration for artificial neural
networks based models were compared graphically using sediment hydrographs and
scatter plots during testing period at Champua station and Anandpur station. Akaike’s
information criterion (AIC), correlation coefficient (r), mean square error (MSE), root
mean square error (RMSE), minimum description length (MDL), coefficient of
efficiency (CE) and normalized mean square error (NMSE) indices were used for

quantitative performance evaluation of the models.



There are following conclusions are drawn from the results of the study;

1.

It was observed from sediment hydrographs at Champua station, that out of
eight models M-3, M-6 and M-7 very closely predict the peaks accurately
and rest of the models i.e. M-1, M-2, M-4, M-5 and M-8 over predict the
peaks. The observations of scatter diagrams on the basis of best fit line and
1:1 line indicated that the suspended sediment concentrations are over
predicted for smaller values of SSC and under predicted for larger values of
SSC using M-1, M-3, M-4, M-5, M-6 and M-7 models and over predicting
for M-2 and M-8 models. The M-6 model shows that most of the data points
in scatter plot are quite near the line of best fit in comparison to other
models. Therefore, on the basis of qualitative evaluation, M-6 model was
found to be better than other models for daily suspended sediment

concentration prediction at Champua station.

M-6 model had the minimum values of mean square error (MSE), normalized
mean square error (NMSE), Akaike’s information criterion (AIC), minimum
description length (MDL) and root mean square error (RMSE) in comparison
to five selected models i.e. M-3, M-4, M-5 and M-7 and the values are
0.00010 g2/12, 0.1013, -11075.64, -10949.82, 0.0100 g/1, respectively. Whereas
0.9937 and 0.951 are the values of coefficient of efficiency (CE) and
coefficient of correlation (r) respectively and these values were found to be
maximum in comparison to five selected models i.e. M-3, M-4, M-5 and M-7

during testing period at Champua station.

On the basis of qualitative and quantitative evaluation at Champua station, it is
observed that the M-6 model whose performance suggested that present day
suspended sediment concentration (SSC) depends on the present day
discharge, one-two and three lag days discharge, one-two and three lag days
suspended sediment concentration with (7-5-5-1) network architecture i.e. 7
input variables, five-five neurons in first and second hidden layer and single

output processing element is found to be best out of all models.

It was observed from sediment hydrographs at Anandpur station, that out of
eight models, M-7 very closely predict the peaks accurately and rest of the
models i.e. M-1, M-2, M-3, M-4, M-5, M-6 and M-8 over predict the peaks.



The observations of scatter diagrams on the basis of best fit line and 1:1 line
indicated that the SSC are over predicted for smaller values of SSC and under
predicted for larger values of SSC using M-1, M-3, M-4, M-5, M-6 and M-7
models and over predicting for M-2 and M-8 models. It was also observed in
the scatter plots of models that for M-1 model all the data points are very
closely near to the line of best fit out of scatter plots of eight models.
Therefore, M-1 model was found best in comparison to eight models for

prediction of daily suspended sediment concentration at Anandpur station.

It was observed that M-1 model had the minimum values of mean square error
(MSE), normalized mean square error (NMSE), Akaike’s information criterion
(AIC), minimum description length (MDL) and root mean square error
(RMSE) in comparison to five selected models i.e. M-3, M-5, M-6 and M-7
and these values are 0.00005 gzllz, 0.3050, -11895.47, -11752.57, 0.0071 g/1,
respectively. The values of coefficient of efficiency (CE) and coefficient of
correlation (r) are 0.9994 and 0.993 respectively for M-1 model and these
values were found to be maximum in comparison to five selected models i.e.

M-3, M-5, M-6 and M-7 during testing period at Anandpur station

It was observed that the M-1 model whose performance suggested that present
day suspended sediment concentration (SSC) depends on the present day
discharge and one lag day suspended sediment concentration with (2-7-7-1)
network architecture i.e. 2 input variables, seven neurons in first hidden layer,
seven neurons in second hidden layer and single output processing element is
found to be best out of eight models based on qualitative and quantitative

evaluation at Anandpur station.

Artificial neural networks based suspended sediment concentration models can
be successfully applied for the prediction of daily suspended sediment

concentration at Champua and Anandpur stations of Baitarani river.
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ABSTRACT

Eight artificial neural networks based models were developed to predict daily
suspended sediment concentration for the Baitarani river at Anandpur and Champua
stations using daily discharge and daily suspended sediment concentration. The 30 years
data (June 1977 to September 2006) used in this study was divided into two sets viz. a
training set (1977-1996) and a testing set (1997-2006). ANNs models were calibrated by
using multilayer feedforward back propagation neural networks with sigmoid activation
function and Levenberg-Marquardt (L-M) learning algorithm. The performance of the
developed models was evaluated qualitatively and quantitatively. In qualitative
evaluation of models, the observed and the computed suspended sediment concentration
were compared using sediment hydrographs and scatter plots during testing period.
Akaike’s information criterion (AIC), correlation coefficient (r), mean square error
(MSE), root mean square error (RMSE), minimum description length (MDL), coefficient
of efficiency (CE) and normalized mean square error (NMSE) indices were used for
quantitative performance evaluation of the models. Results on the basis of qualitative and
quantitative evaluation indicate that M-6 model with (7-5-5-1) network architecture is
better than all models at Champua station and M-1 model with (2-7-7-1) network

architecture is better than all models at Anandpur station.
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