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Abstract—Although many researchers have studied the flow 

hydraulics in compound channels, there are still many complicated 
problems in determination of their flow rating curves. Many different 
methods have been presented for these channels but extending them 
for all types of compound channels with different geometrical and 
hydraulic conditions is certainly difficult. In this study, by aid of 
nearly  400 laboratory and field data sets of geometry and flow rating 
curves from 30 different straight compound sections and using 
artificial neural networks (ANNs), flow discharge in compound 
channels was estimated. 13 dimensionless input variables including 
relative depth,  relative  roughness, relative width, aspect ratio, bed 
slope, main channel side slopes, flood plains side slopes and berm 
inclination and one output variable (flow discharge), have been used 
in ANNs. Comparison of ANNs model and traditional method 
(divided channel method-DCM) shows high accuracy of ANNs 
model results. The results of Sensitivity analysis showed that the 
relative depth with 47.6 percent contribution, is the most effective 
input parameter for flow discharge prediction. Relative width and 
relative roughness have 19.3 and 12.2 percent of importance, 
respectively. On the other hand, shape parameter, main channel and 
flood plains side slopes with 2.1, 3.8 and 3.8 percent of contribution, 
have the least importance. 
 

Keywords—ANN model, compound channels, divided channel 
method (DCM), flow rating curve 

I. INTRODUCTION 
N recent years, some research areas have received 
considerable attention and interest, among them, hydraulics 

of compound open channels and Artificial Neural Networks 
(ANN). Compound channels consisting of a deep main 
channel together with one or two wide floodplain(s), have 
many applications in hydraulic engineering practice. 
According to high gradient of flow velocity between main 
channel and floodplains, a strong lateral momentum exchange 
takes place across the interface. This momentum transfer 
between subsections significantly reduces the flow 
conveyance of compound channel [1]. Although several 1D, 
2D and 3D mathematical models have recently been 
developed by various researchers for study of momentum 
transfer, both in laboratory flumes and natural rivers, 
unfortunately theoretical analysis of conveyance in these 
channels is not yet practical useful [2]. Due to high 
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importance of proper calculation of flow discharge in 
compound channels, especially in flood events, there is a 
critical need to develop an appropriate method to give optimal 
solutions.  

In this paper, an attempt is made to develop a mathematical 
model based on ANN to predict the flow discharge of straight 
compound channels. After designing of an optimal topology 
for ANN model and the training process, it was tested against 
the rest of data sets.  

II. DISCHARGE COMPUTATIONS IN COMPOUND 
CHANNELS  

According to the high difference of flow depths and 
Manning’s roughness coefficients in main channel and 
floodplains and hence the large velocity difference between 
these subsections, a strong lateral momentum transfer induced 
across the interface. The traditional methods such as Divided 
Channel Method (DCM) ignore this strong shear stress at 
interfaces. In these methods, compound channels have 
analyzed by dividing the cross section into three subsections 
which are easier to analyze. In figure 1, a compound section 
with three vertical subdivided sections is shown. Total flow 
discharge is the sum of discharges calculated separately in 
each subsection using an appropriate conventional friction 
formula e.g. Manning [3]: 
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Where Q is flow discharge in compound channel, A is area, 

R is hydraulic radius, S0 is bed slope and n is manning 
roughness coefficient. In this equation, i refer to subsections 
e.g. main channel and floodplains and N is total number of 
subsections.  

Comparison of the results of this method against with the 
experimental data showed that up to 40% error may be 
obtained [4].  

Some modified methods have been presented for straight 
compound channels, among them: 2D analytical model [5], ϕ  
index method [4], the lateral division method [6], the 
coherence method [7], discharge ratios [8], weighted divided 
channel method [9], exchange discharge method [10], 2D 
analytical model [11] and modified weighted divided channel 
method [12]. Most of these methods are presented based on 
limited data in experimental flumes. Among these different 
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methods, the 1D coherence method and 2D analytical model 
have promising applications in flumes and natural rivers [7]-
[13]-[14], but extending them for all types of compound 
channels with different geometric and hydraulic conditions is 
certainly difficult. 

 

 
Fig. 1 Analyzing of compound channels in traditional vertical 

divided channel method 
 

III. ARTIFICIAL NEURAL NETWORK  
Artificial neural network (ANN) is a mathematical tool, which 
tries to represent low-level intelligence in natural organisms 
and it is a flexible structure, capable of making a non-linear 
mapping between input and output spaces [15]. In this paper 
multi layer perceptron network (MLP) and radial basis 
function (RBF) based on back propagation learning rule were 
used. 
 

A. Multi Layer Perceptron (MLP) network 
The MLP network sometimes called Back Propagation (BP) 

network shown in figure 2 is probably the most popular ANN 
in engineering problems in the case of non-linear mapping and 
is called “Universal Approximator”. It consists of an input 
layer, a hidden layer and an output layer. The input nodes 
receive the data values and pass them on to the first hidden 
layer nodes. Each one of them collects the input from all input 
nodes after multiplying each input value by a weight, attaches 
a bias to this sum, and passes on the results through a 
nonlinear transformation like the sigmoid transfer function. 
This forms the input either for the second hidden layer or the 
output layer that operates identically to the hidden layer. The 
resulting transformed output from each output node is the 
network output. The network needs to train using a training 
algorithm such as back propagation, cascade correlation and 
conjugate gradient. Basically the objective of training patterns 
is to reduce the global error, defined below [15]: 
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Where Tpj is the jth element of the target output related to the 
pth pattern, Opj is the computed output of jth neuron related 
to the pth pattern, np is the number of patterns and no is the 
number of neurons in the output layer. 
 
 
 
 
 

 
Although this model has extensive applications in water 

engineering subjects such as sediment concentration 
prediction in rivers [16], river flow modeling [17], rainfall-
runoff modeling [18], nitrate concentration in rivers [19], 
hydrologic modeling [20], combined flow over and under the 
gates [21], simulation of stage-discharge relationships in 
rivers [22], computing of flow resistance in smooth open 
channels [23] and estimating of backwater through bridge 
constrictions [24]. Looking at literatures shows that a few 
studies available on using ANN in compound channels. Liu 
and James [2] by using ANN on experimental meandering 
compound channels showed that there is up to 15% 
discrepancy between predicted and measured flow discharge.  
In this paper, the flow rating curve of straight laboratory and 
field compound channels have predicted using ANN. For 
ANN modeling, Qnet2000 software has used.  

B. Data sets  
Nearly  400 flume and field  data sets of flow rating curves 

from 30  different straight compound sections was selected for 
training and testing ANN model. Most of these data are 
collected from experimental works carried out by HR- 
Wallingford in England in compound channel flumes with 
large-scale facility. Also, some of field data was collected 
from natural rivers (River Severn at Montford bridge, River 
Main and Rio Colorado). The cross section of a typical 
compound channel with berm inclination is shown in figure 3. 
The ranges of geometric and hydraulic characteristics of 
compound channels used in this paper for ANN model 
development are listed in table I. 

 
Fig. 3 Typical compound channel cross section with berm inclination 

 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 2 Multi layer perceptron neural network 
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C. Input parameters 
Flow hydraulics and momentum exchange in straight 

compound channels is significantly influenced by geometric 
and hydraulic variables. The important dimensionless 
geometric ratios are considered here as input variables for 
ANN model. 

1- Depth parameter, Dr, defines the ratio of the flow depth 
on the floodplain to the flow depth within the main channel: 

        
H

hHDr
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2- Width parameter, Br, defines the ratio of the floodplain 
width to the main channel width: 
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3- Roughness parameter, nr, is the ratio of Manning’s 
roughness for the floodplain and that for the main channel: 
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4- Aspect ratio, Sr , is defined as the ratio of main channel 
width to bank height the: 
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5- Bed slope, S0 . 
6- Main channel side slope, sc . 
7- Flood plain side slope, sf . 
8- Berm inclination, bi .  
It must be noted that for the asymmetrical compound 

channels, the geometric characteristics of right and left 
floodplains may be different. Therefore, 13 input variables 
have been used in the ANN model. 

D. Output parameter 
The only one output parameter of ANN model is the 

dimensionless flow discharge ratio expressed as the ratio of 
the total observed discharge to the bankfull flow discharge. 

E. Design of ANN topology 
Commonly, ANN models have three layers, input, output 

and hidden layers. Although for common engineering 
practices, one hidden layer is sufficient for model training and 
testing, but it is showed that for very complicated phenomena, 
it is may be necessary to construct two or more hidden layers. 

In this paper, a MLP neural network with 13 variables in 
input layer and one variable in output layer were used for 
ANN training. Due to limitation of RAM memory and 
executive time required for training, the number of nodes in 
input and hidden layers should be kept as small as possible. 
Selection of optimum number of nodes in hidden layer is an 
iterative procedure. For doing this, we begin with small 
numbers of nodes and sequentially, with increasing them, 
correlation coefficient (r) and root mean square error (RMSE) 
of predicted outputs are checked until predictions proved to be 
insensitive with respect to increase of nodes in hidden layer. 
In this case, r and RMSE should reach to the optimum values. 
Using this procedure, the smallest system design is selected as 
optimal ANN model. Following training of ANN model, 
testing process should be done. In this paper, 70% (280 data 
series) and 30% (115 data series) of data were used for 
training and testing, respectively. 

The input parameters described in section C, were used for 
training process. The correlation coefficients (r) of ANN 
model were 0.99 and 0.97 in training and testing, respectively. 
The RMSE was 0.0183. Run time of this model was nearly 8 
minutes. The percent contributions of each input parameter on 
the output results are presented in table II.  

As it can be seen, depth ratio has a significant effect on the 
output variable. On the other hand, the total importance 
percent of four side slopes parameters are less than 8. The 
aspect ratio has insignificant effect, too. Figure 4 shows the 
graphical comparison of ANN model results against the 
measured data. The DCM results are presented, too. As it can 
be seen, the DCM over predicts the relative discharges up to 
300%. The ANN model, in both training and testing process, 
has satisfactory predictions. 

 

TABLE II 
PERCENT CONTRIBUTIONS OF INPUT  PARAMETERS OF ANN MODEL 

Input Variable Contribution  Percent 

Depth ratio 47.6 
Width ratio 19.3 

Roughness ratio 12.2 
Aspect ratio 2.1 
Bed slope 4.0 

Main channel side slope 3.8 
Floodplain side slope 3.8 

Berm inclination 7.2 

 

TABLE I 
RANGE OF GEOMETRIC AND HYDRAULIC VARIABLES USED IN ANN MODEL  

Symbol Variable Definition Variable Range  

h Bankfull height 0.031 - 6 (m) 
bc Main channel width 0.152 – 21.4 (m) 
bf Floodplain width 0 - 63 (m) 
sc Main channel side slope  0 – 2 
sf Floodplain side slope  0-7.1 
bi Berm inclination  0 – 0.062 

nc 
Manning’s roughness 

coefficient of main channel 0.01 – 0.036 

nf 
Manning’s roughness 

coefficient of flood plains 0.01 – 0.05 

S0 Bed slope 0.000185 – 0.005 
H Flow depth 0.036 – 7.81 (m) 

Q Flow discharge 0.003 – 560 (m3/s) 
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Fig. 4 Comparison of ANN  model and DCM results with measured 

data 

IV. CONCLUSION 
In this paper, a MLP artificial neural networks has been 

developed for flow discharge prediction in straight compound 
channels. A wide range of geometric and hydraulic 
characteristics of laboratory and field data points of compound 
channels have been used for training and testing the ANN 
model. A system of ANN model with 8 input and one output 
parameters with one hidden layer with 24 nodes was selected 
as an optimal case. In this optimal model, the correlation 
coefficients for training and testing processes are 0.99 and 
0.97, respectively. On the other hand, the correlation 
coefficient for traditional method (DCM) is only 0.52. 
Comparison of ANN model results with measured flow 
discharges of compound channels shows considerable 
improvement in comparison to the traditional method (DCM) 
currently used in numerical river models.  
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