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ABSTRACT

Apparent shear stress acting on a vertical interface between the main channel and floodplain in a
compound channel serves to quantify the momentum transfer between sub sections of this cross
section. In this study, three soft computing methods are used to simulate apparent shear stress in
prismatic compound channels. The Genetic Algorithm Artificial neural network (GAA), Genetic
Programming (GP) and Modified Structure-Multi Layer Perceptron (MS-MLP) are applied to about
100 different data to predict apparent shear stress. The modelling procedure with three models were
extended and the best of each model was selected after each step. In modeling with the GAA and GP
different input combinations, fitness functions, transfer functions and mathematical functions were
investigated for obtaining the optimum combination. The results showed B/b, H/B, ndn. and h/b as
input combination, fitness function MSE and transfer function tan-pur is the best combination for GAA
model. The best GP model introduced with B/b, (H-h)/h, nd/n. and h/b as input variables, fitness
function MAE and (+,—,x,+,sin,cos,abs sqrt, power)as the mathematical function set. Finally, the

most appropriate GAA, GP and MS-MLP models were compared to select the best of them in
estimating apparent shear stress in compound channels. According to the results, MS-MLP improved

with RMSE of 0.3654 over GAA with RMSE of 0.5326 and the GP method with RMSE of 0.6615.

doi: 10.5829/idosi.ije.2016.29.09c.06

1. INTRODUCTION

A compound cross section is the most common section
in natural rivers and consists of a floodplain which is
rougher and wider than the main channel. If flooding
occurs, the characteristics of river flow are more
complicated than in normal mode due to the variations
in geometry and roughness between the main channel
and floodplain. Flow resistance also increases due to the
transverse momentum transfer, which consumes the
flow’s kinetic energy as well. By ignoring the effect of
momentum transfer, the results of models that estimate
discharge in compound channels would not be as
reliable as with traditional discharge predictions. Myers
[1] showed that apparent shear stress (z,) is an essential
parameter in transverse momentum transfer. Therefore,
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many studies have focused on predicting momentum
transfer at the main channel-floodplain interface by
calculating the apparent shear stress [2, 3]. Predicting
the apparent shear stress in the compound open channels
has a high importance in quantifying the transverse
momentum between the compound channel’s areas.
Therefore, it is obvious that it is crucial to developing
an accurate model for simulating the apparent shear
stress in compound channels. Numerous researchers
have presented different equations to estimate apparent
shear stress, which require awareness of the velocity
gradient and the influence of channel roughness and
geometry on the apparent shear stress [4-6]. Because
determining the velocity gradient is difficult when
ignoring detailed measurements, some parameters in
these equations have high uncertainty for different
geometries and roughness values (based on the results
of [6]).
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Therefore, investigating other methods that can
predict apparent shear stress without the need for these
parameters is a novel concept.

Using soft computing (SC) methods for predicting
different hydraulic phenomena is an ongoing endeavor
[7-9]. Huai et al. [10] investigated application of
Artificial Neural Network (ANN) in predicting apparent
shear stress in compound channels with and without
vegetation. Sheikh Khozani et al. [11] employed GP and
GAA methods to predict percentage of shear force
carried by walls in rough rectangular channel.

In this study, three SC methods (GAA, GP and MS-
MLP) are applied to estimate the apparent shear stress
in prismatic compound channels with smooth and rough
boundaries. After extending the models, their results are
compared to select the most appropriate model in
predicting apparent shear stress in prismatic compound
channels. Therefore, only with the knowledge of
channel geometry and roughness the apparent shear
stress can be calculated using best model with
acceptable accuracy.

2. MATHEMATICAL AND METHODS

2. 1. Experimental Data Used To predict
apparent shear stress in symmetric compound channels
with smooth and rough boundaries, about 100
experimental data were collected from different studies
of Knight and Hamed [3], Prinos and Townsend [4],
Knight and Demetriou [12], and Wormleaton and
Merrett [13]. These data were collected of small-scale
flume data and large-scale Flood Channel Facility
(FCF). According to the results of several researchers,
the effective parameters in apparent shear stress values
are introduced as: channel height (H), total width (B),
main channel width (b), main channel flow depth (h),,
flood plain roughness (ns) and main channel roughness
(nc). So, the apparent shear stress in compound channels
is a function of:

o =F(H,h,B,b,n¢,n;) ©)

After applying Buckingham’s theorem, the six
dimensionless parameters which used in modeling
obtained as:

,a:f(ﬁn_f@nﬂﬁ] @

2. 2. GAA Modeling One of the most used
methods for solving complex engineering problems, is
ANN model. This model consists of an input layer, an
output layer and one or more hidden layer. The neuron
number of the input and output layers is the same as the
number of input and output variables, respectively. The
neuron number of hidden layer is not specified so the
trial and error method was used to find the appropriate

number of hidden layer [14]. However, this method is
time consuming. In this study, a modified GA was made
to optimizethe ANN model structure and identify the
neuron numbers of each hidden layer. The flowchart of
the introduced GAA is shown in Figure 1.

GA algorithm requires some modification to become
proper to optimize the ANN structure, since the random
nature of the Levenberg-Marquardt Algorithm [15] in
weights and bias determination, it is probable that an
appropriate individual was put out from the GAA
resulted in bad luck in this algorithm process. To
solving this problem, a modification was applied in the
elite population of the GA approach. The GA method
was applied to run the elite population several times to
find the best cost of each chromosome and then transfer
the chromosomes to the next generation. By these
modifications of the chromosomes of the elite
population, they are not simply changed but are lead to
avoid the GAA method from trapping in the local
minimums and also successful the random nature of the
Levenberg-Marquardt algorithm.

The GAA has several parameters which should be
initially determined to model. The GAA includes two
runs: the MLP-ANN and the GA. The number of
termination period of MLP-ANN runs was considered
100, so the models completely converge. The GA
mutation and crossover frequency considered are 35%
and 50%, respectively, therefore the models performed
well. The GA population size intended is 30, and the
termination criterion intended is 100 generations
without result improvement.
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Figure 1. GAA flowchart
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2. 3. GP Modeling The GP method [16], a subset
of GA, is widely employed in different engineering
problems. In the GP method, individuals are the
computer programs. The GP process starts with a
random initial population of computer programs. Each
computer program is formed randomly in accordance
with user-determined parameters, such as initial
program size and mathematical functions that a
computer program is permitted to use. Then, the cost of
each program is computed using the fitness function,
and the GP process serves to determine the best
computer program which can simulate the considered
problem. The GP flowchart is presented in Figure 2.

It is obviously seen that similar to the GA, the
crossover, mutation and elite processes occur in the GP
method as well. In crossover, two individuals from the
current generation are selected, and two chromosomes
are generated for the next generation through the
crossover procedure. Mutation is in order to maintain
genetic diversity between GP generations. The best
computer program of each generation is saved as the
elite population, which is directly moved to the next
generation.

2. 4. MS-MLP Modeling Applying the DT
algorithm [17] rather than a similar allocation of the
MLP power on the entire dataset, this method is
fragmented into the same models. The dataset is then
divided into smaller datasets, and the smaller models are
employed to model the separated datasets.

The advantage of the DT-based MLP method is the
reallocation of the whole power of the artificial
intelligence method to the divided dataset segments.
The following steps are performed in the DT-based
MLP method.

() The entire dataset is divided to smaller of them.
In this study, according to the apparent shear stress
amounts, the dataset is divided into the LOW,
MEDIUM, and HIGH apparent shear stress groups.

(b) Now, the DT is divided into testing and training
datasets and in training dataset starts to estimate dataset

[
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costs
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Run the computer programs ‘
¥
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program according to the fitness function

The termination
criteria achieved?
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15%

Crossover
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35%

Storage the best
computer
program Create the new
¢ population

End

Figure 2. GP flowchart

group (LOW, MEDIUM, or HIGH) using the input
parameters. If the accuracy division is weak, the simpler
DT structure is obtained; but, the errors increase. The
weak division accuracy has the advantage of a simpler
DT structure, but the division error is high. The higher
accuracy DT algorithm increases the accuracy of
predicting, but it lead to s: over fitting and the large DT
structure. Thus, the trial and error method is applied to
determine the DT algorithm precision.

(c) The artificial intelligence method applied is split
into smaller models. In this study, 12-hidden-neuron
MLP models were utilized. Therefore, each of these
models is split into three, four-neuron models.

(d) The divided datasets are modeled using the
smaller MLP models. The number of hidden neurons in
each smaller model is specified using trial and error. It
is obvious that for each smaller model, the maximum
permissible number of hidden neurons is 4.

(e) The results of separated, smaller models are
cumulated into one united model.

2. 5. Model Performance Evaluation statistical
parameters are employed as: the coefficient of
correlation (R), the Root Mean Square Error (RMSE),
the mean square error (MSE) and the Mean Absolute
Error (MAE). These statistical parameters are defined as
follow:

Zn:(xim - )_(im)(xip - iip)

2 ©)

4)
i(fi _Tim)z
MSE— 1T ©)
n
MAE:1i|xip — Xim| (6)
Ni=

where, X, is the estimated apparent shear stress by
models, X;n, is the apparent shear stress measured in the
laboratory and n is the number of data.

3. RESULTS AND DISSCUSION

3. 1. Input Selection Selecting the best input
combination is an important step in modeling with SC
methods. Also, selecting the best input combination
avoids the model from entering wrong input data that
would obscure the training process. This step leads to
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increase model precision in estimating output data. In
modeling with MS-MLP method for select the best
input combination, this step was applied in simple MLP
and the best input combination selected was used in
modeling with MS-MLP model. To select the most
appropriate input parameters, four different input
combinations were studied as follows:

(1)_5 (H-h) n¢ h

b h ng'b

where, H is channel height, h is main channel flow
depth, B is total width, b is main channel widths, n; and
n. flood plain and main channel roughness, respectively.

The results of this step are shown in Figure 3.
According to this figure, none of the three mentioned
methods could estimate the apparent shear stress with
input combinations (3) and (4). The worst results with
lower accuracy were obtained when the input
combinations (3) and (4) were used. It shows ignoring
input variable h/b had been more influence in results.
Therefore, this parameter is important in modeling of
apparent shear stress. The GAA method showed the best
performance with using input combination (2) which
resulted in predicting apparent shear stress with
sufficient accuracy. The GP and MS-MLP methods
using input combinations (1) and (2) respectively
showed better performance with lower statistical
parameters than those of other input combinations. It
can be deducted parameter H/B in modeling with MS-
MLP and GAA models help model to increase accuracy
of predictions. Also, in modeling with GP model
parameter (H+h)/h influences in increasing model
precision.

3. 2. Hybrid DT-based Neural Network To
improve the results, the MS-MLP model is used in this
section keeping in view input combination (2). After the
trial and error procedure (according to the second step
in the DT-based method mentioned before), the
structure of the optimum DT is illustrated in Figure 4. In
this figure, x1, x2, x3, and x4 represent the input
variables B/h, H/h, ndn. and h/b, respectively.

The results of modeling with MS-MLP are
illustrated in Figure 5. It is seen that this model could
predict close results to experimental data. As seen from
the fitted line equation (assuming the equation is
y=a;X+a,), in the scatter plot the a; coefficients is very
close to 1 and a, is close to 0. This indicates that the
values predicted by this equations is more accurate.
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Figure 3. Statistical parameter of input combination selection
for models for test dataset

Figure 4. Optimum DT structure
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Figure 5. Scatter plot of observed and predicted apparent
shear stress using MS-MLP method

Also, the coefficient of correlation is very high and it
confirms the high precision of model to predict apparent
shear stress in compound channels.

3. 3. Selecting the Most Appropriate Fitness
Function The second step in modeling with GP
and GAA is to select the best fitness function. For this
aim, the MSE and MAE fitness functions are
investigated. Based on the results in Table 1, for
modeling with GAA, the MSE fitness function with
RMSE of 0.533 indicated better performance than MAE
with RMSE of 0.542. It is noted that input combination
(2) was used in modeling with GAA. In modeling with
the GP method and using input combination (1) as the
best input combination, the MAE fitness function with
the lowest statistical parameter value demonstrated
better performance than the MSE fitness function.
Therefore, the MSE and MAE fitness functions were
selected in modeling with GAA an GP methods
respectively for next step.

3. 4. Selecting the Transfer Function The last step
in modeling with the GAA method is selecting the most
suitable transfer function. Selecting a suitable transfer
function for the hidden and output layers directly
influences multilayer perceptron neural network
performance. Therefore, different combinations of
logarithmic, hyperbolic tangent and linear transfer
functions (Equations (7)-(9)) are applied and compared
for the GAA method.

TABLE 1. Fitness function selection for the GAA and GP
methods

Models GAA Model GP Model

Fitness Function MSE MAE MSE MAE
RMSE 0.533 0.542 0.665 0.662
MAE 0.381 0.387 0.477 0.453
R 0.980 0.980 0.966 0.967

logsig(x) = 1+i_x (1)

tansig(x) = 272)( -1 (8)
1+e

purelin(x) = x 9)

The results of this step are shown in Figure 6. It is
evident that applying similar transfer functions in the
input and output layers, such as tan-tan or log-log,
decreases the precision of apparent shear stress
estimation. However, selecting different transfer
functions in the output and input layers significantly
increases the precision of the estimated values with R of
0.980 for the logarithmic and purelin functions in the
input and output layers, respectively, and R of 0.968 for
tan-pur as the transfer function. Hence, in the GAA
model, the logarithmic transfer function in the hidden
layer and purlin transfer function in the output layer
demonstrated the best performance with high accuracy
in all situations. As seen in this figure, when using log-
log or tan-tan transfer functions, the predicted apparent
shear stress values are somewhat constant at all flow
depths. Moreover, underestimated values were produced
and all predictions were around the straight line. It can
be deducted that if the transfer functions tan-tan and
log-log are used in the modeling process, the results are
not accurate or reliable.

Equation (10) was obtained for computing the
apparent shear stress with the most appropriate GAA
model with input combination (2), MSE fitness function
and log-pur transfer function as:

B/b]" [-017 037
¢ = pur(og(dog HIB|  |-1047 -113 J{ 6.12T))
hib| ~| -1.07 2165| |-3.14
n, 014 061 (10

-1781 6047]" [-6.067] 5.86
x| —3.49 1846| +|-13.14| )x| 19.12 |+2.70)

-2381 19.78 -3.40 -26.93
10 ;
4log-pur R=0.980 <
g |®log-log R=0515 A%
¢ tan-pur R= ().968
=l mtan-tan R=0.515
26
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o
£y i
(=8 oS
*
2
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F Y
0
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Figure 6. Scatter plot for selecting the most suitable transfer
function for the GAA model
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3. 5. Selecting the Mathematical Functions
The final step in modeling with GP is selecting the best
mathematical function set. A function combination is
selected based on the simplicity or complexity of the
computer programs. Equations (11) to (14) represent
that the first function combination uses the simplest
mathematical function and by moving from the first
function combination to the last, the model complexity
increases.

Fl=(+—%+) D
F2=(+—,x,+5in,cos) (12)
F3=(+,—,x,+5in,cos,abs sqrt power) (13)
F4=(+—,x,+5sin,cos,abs sqrt power,exp) (14)

According to the results in Figure 7, mathematical
function set F3 with the highest R of 0.969 performed
the best compared to the other mathematical function
sets. It is noted that although the simplest function set
F1 showed good results, the results of the F3
mathematical function set were more accurate than
those of other function sets. Thus, the GP model with
input (1), MAE transfer function and function set
F3 = (+,—,x,+,sin,cos,abs, sqrt, power) was selected as
the most appropriate GP model for estimating the
apparent shear stress in symmetrical compound
channels.

The output of GP model is a program which
illustrated in Box 1. As seen in this Box, the program is
written as a MATLAB code which get input values and
can predict the value of apparent shear stress.

3. 6. Comparison between the Most Appropriate
Models All three SC methods, namely GAA, GP
and MS-MLP are compared to identify the best model
for estimating apparent shear stress. It is noted that in
GAA modeling, input combination (2), fitness function
MSE and transfer function log-pur were used.

Also, the best GP model utilized input combination
(1), fitness function MAE and F3 as the mathematical

10
aFl R=0.966
t oo
8 e 2 R=10.946 =
= «F3 R=0.969 .
;"q'g 6 s F4 R=0.926 CHE.
'-q';i "o .: .
Sy + . "
e ]
*
2
0

0 2 4 6 8 10
T, (Observed)

Figure 7. Scatter plot of the most suitable mathematical
function selected for the GP model

Vl=input ('B/b = '
V2=input (' (H-h) /H
V3=input ('h/b = ');

V4d=input ('nf/nc = ');

C=0; a=0; C=C-0.0026;
C=C/-1.642; C = C + V3;

a=a+C; C=C*a; C=C+C;

C=C*C; C=C+V1l; C=cos(C);

C=abs (C); C=C-V2; C=sin(C);
C=C/a; C=abs(C); C=sin(C);
C=C/0.634; C=C-a; C=C+1.987;
C=C/a; C=sqrt(C); C=C-V2;
C=C-V2; C=C-V2; C=C*V4;
C=C+0.0327; C=C/-0.649;

C=abs (C); C=C+0.131;

disp ('The apparent shear stress
is:'");

disp (C):

Box 1. The output program of the best GP model

) ;
= ")

function set. Figure 8 illustrates the comparison between
all models in predicting the apparent shear stress for the
entire data set. As seen in this figure, all three models
could predict apparent shear stress close to experimental
data and their results were acceptable.

Figure 9 illustrates the scatter plot of all models
employed with the test dataset.

12
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Figure 8. Comparison between the MS-MLP, GAA and GP
models as a hydrograph for the entire data set
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6 2

T, (predicted)
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Figure 9. Comparison between the MS-MLP, GAA and GP
models as a scatterplot for the entire data set
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According to Figure 9, the MS-MLP model with R of
0.990 demonstrated the best performance in predicting
apparent shear stress compared to the GAA and GP
models with R of 0.979 and 0.969, respectively.
Considering the R values of all three models, it can be
deducted that all models estimated apparent shear stress
values in compound channels accurately and can be
used in place of traditional methods for calculating z,.

4. CONCLUSION

Since apparent shear stress is an important parameter in
transverse momentum transfer that occurs between the
main channel and floodplain in compound channels,
estimating this parameter using MS methods was
investigated in this study. According to the effective
parameters on apparent shear stress values and after
using Buckingham’s theorem, six dimensionless
parameters were considered as input variables: B/b,
ndne, (H-h)/h, h/b, H/B and BH/bh. Then, four different
input combinations were applied to the GP, GAA and
MS-MLP models to investigate the best input
combinations.

In modeling with GP and GAA two fitness functions
were studied, i.e. Mean Squared Error (MSE) and Mean
Absolute Error (MAE). Modeling apparent shear stress
with the GP method with B/b, n¢#n;, (H-h)/h and h/b
selected as the input combination, MAE as the fitness

function and the (H—ro+Sincos,abs sqrt power)

mathematical function produced the best results with
RMSE of 0.6615 for the test dataset compared to the
other GP models. Among the GAA models applied to
the data, the best model had B/b, ni/n., H/B and h/b as
the input combination, MSE as the fitness function and
the logarithmic transfer and purelin functions for the
hidden and output layers, respectively. The best GAA
model had RMSE of 0.5326 for the test dataset. The
MS-MLP model with a similar input combination to the
best GAA model had RMSE of 0.3654 and made the
most appropriate predictions of apparent shear stress in
compound channels.

Therefore, the MS-MLP model with higher apparent
shear stress estimation precision was introduced as the
best SC model for predicting this phenomenon. It is
noted the results of GP and GAA models were so good
and the proposed program and equations are more
applicable. Also, using these methods can be used as
alternative of traditional equations for estimating
apparent shear stress which require knowledge of the
velocity gradient.
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