
                                  VOL. 11, NO. 20, OCTOBER 2016                                                                                                         ISSN 1819-6608            

ARPN Journal of Engineering and Applied Sciences 
 

©2006-2016 Asian Research Publishing Network (ARPN). All rights reserved.

 
www.arpnjournals.com 

 

 
12084

CELL BY CELL ARTIFICIAL NEURAL NETWORK MODEL FOR 
PREDICTING LAMINAR, INCOMPRESSIBLE, VISCOUS FLOW 

 
 Osama Sabir and T. M. Y. S. Tuan Ya 

Department of Mechanical Engineering, Universiti Teknologi Petronas, Malaysia 
E-Mail: ofasabir@gmail.com 

 
ABSTRACT  

In this research, a cell-by-cell artificial neural network approach is used to predict the velocity vectors of steady-
state, viscous, incompressible, laminar flows in a two-dimensional computational domain. The flow behaviour is 
characterized by the initial flow velocity, and the geometry of the wall boundaries. A feedforward neural network 
architecture is applied in this research. The model is trained using Levenberg-Marquardt and Bayesian regularization 
backpropagation algorithms. The training data for the model are obtained by solving the Navier-Stokes equations for two-
dimensional, steady-state, viscous, incompressible, laminar flow using commercial ANSYS Fluent software.  The results 
show that the predicted values produced by the model is in good agreement with the simulation data. Even though the 
introduction of artificial neural networks at the cell level increases the complexity of the training process, this drawback is 
compensated by the increase in flexibility (generality) of the model. More importantly, the results show that the cell-by-cell 
artificial neural network approach is capable of providing an accurate prediction of the fluid velocity field for the flow 
investigated in this research. The outcomes designate that the new ANN approach is capable of getting an accurate velocity 
vector prediction as several statistical parameters confirmed. Since all the computation cost took place in the training 
phase, the new approach calculated the result faster than the traditional numerical methods. Such simulation provides a 
reliable perception about the fluid behaviour with respect to momentum and equations. In addition to the preceding 
recorded data, the proposed method considers the geometrical boundaries profile as a major contribution for ANN training 
phase. 
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INTRODUCTION 

The ANN is generally used for classification, 
prediction, patterns recognitions, data filtering and 
optimization. Artificial neural networks provide a 
significant research tool for engineering problems that are 
complex, nonlinear, and with state of uncertainty. Both 
experimental and numerical techniques have been widely 
used by scientists in order to gain insight into the fluid 
flows behaviour. Even though experimental techniques are 
usually reliable, these techniques are very time-consuming 
and costly since there is a need to acquire apparatus, 
instruments and/or equipment, fabricate model prototypes 
and build a dedicated experimental rig. With 
advancements in computing hardware and software over 
the years, numerical techniques using computational fluid 
dynamics (CFD) have made it possible for scientists to 
probe into the flow behaviour and underlying physics of 
fluid flows within a shorter time frame compared to 
experimental techniques. However, even though CFD 
techniques are capable of attaining faster results compared 
to experimental techniques, numerical techniques are still 
somewhat time-consuming.  

The artificial neural network (ANN) can easily 
overcome the complexity and get faster results due to its 
flexibility and automatic perception. Unlike other 
numerical techniques, ANN is capable of dealing with 
problems where there is lack of a proper physical model 
and problems in which uncertainties are present. More 
importantly, ANN is a promising method that can be used 
to predict the behaviour of fluid flows. The basic idea of 
ANN is to attach a group of arrays representing the inputs 

to an equivalent output array. When new inputs are 
entered, the ANN predicts the outputs instantaneously by 
applying what it has been trained. Pulido-Calvo and 
Portela, applied computational neural networks (CNN) to 
predict the daily stream flows in Portuguese rivers. The 
feed forward CNN is used to forecast one-day ahead daily 
flows considering that only flows in previous days are 
available for the calibration of the models [1]. The 
artificial or computational neural networks (ANN or CNN) 
is a non-linear mathematical structure capable of 
demonstrating the complex non-linear processes that relate 
the inputs to the outputs of a system. The transient flow 
can be considered as a time series-forecasting network that 
will allow to estimate the variables in the passage of time 
[2]. 

Benning et al. [3, 4] reported initial results on the 
possibility of using back propagation neural networks to 
predict the flow field for the simple case of isothermal-
steady flow around a solid cylinder. The hybrid artificial 
intelligence established to predict flow fields for different 
Reynolds’s number ranging from 1 to 60. The algorithm is 
improved by combining ANN and conventional numerical 
methods [3, 5]. Valyuhov et al., promoted the method of 
weighted residuals (MWR) to solve Navier-Stokes 
equations. MWR algorithm is based on the use of the 
neuron functions approximation to solve Navier- Stokes 
equations on a uniform computational grid. In a Cartesian 
computational grid, the neural net function is used to 
calculate velocity components and the pressure [6-8].  

Ben-Nakhi et. al., [9] use ANN as a tool for inter-
model comparison with CFD results for cases in which 
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CFD produces different solutions for different 
discretization schemes; such cases are referred to as ill 
posed problems. These ANN models are accurately 
predicting free convection in partitioned enclosures which 
can be used for lending support to the authenticity of CFD 
solutions. Ranković and Savić, [10], investigate the ability 
of FNN model to predict the nondimensional velocity of 
the gas that flows along a porous wall. The two-layer FNN 
with Levenberg–Marquardt learning was constructed. A 
database was generated using finite difference method by 
writing a FORTRAN code. The ANN structure was 
designed and trained using the MATLAB Neural Network 
Toolbox. Panigrahi et al., [11], used ANN and fuzzy-logic 
models to predict statistical quantities such as mean 
velocity profiles and Reynolds stresses behind a square 
cylinder mounted in the free stream of a wind tunnel based 
on hot-wire anemometry readings.  

In this paper, a novel fluid flow prediction based 
on artificial neural networks approach is developed. The 
computational domain is divided into an equal number of 
cells with equal size and uniform spacing (similar to a 
Cartesian grid) and the prediction took place on cell-by-
cell basis. The design and development of the cell-by-cell 
ANN approach is described in detail in this paper, 
beginning with a description on the governing equations 
for viscous, incompressible, laminar flows in a two-
dimensional computational domain and the discretization 
of the independent variables on a staggered grid. A feed 
forward neural networks is tested and Bayesian regulation 
backpropagation training algorithms is implemented for 
the new models. The ANN model is evaluated using a 
number of statistical indices in order to determine the 
capability and accuracy of the ANN model. 
 
METHODOLOGY 

A clear understanding of the problem and well 
defined model with clear independent variables leads to 
decent neural network design. The flexibility of Neural 
networks models for particular application leads to more 
difficulty in the designing phase due to the specific 
features of the application. There are various choices have 
to be decided, but very few guidelines to help the 
programmer through them. Some assistances can be found 
in the literature [12-15], but these guidelines are applicable 
for certain applications and they are never endorsed for 
alternative applications. In this paper, a viscous, 
incompressible flow is simulated in a rectangular domain 
Ω. The laminar flow is governed by whole system of 
equations (Navier-Stokes) throughout time and the 
external forces are negligible. The two dimensional 
Navier-Stokes equations are represented by: 
 
Momentum equations: 
 

   
   

     (1) 
 
Continuity equation: 
 

       (2) 
 

The solution of the differential equations depends 
on the boundary conditions and initial conditions of each 
case. The inertial forces and viscous forces were ignored 
since there no change in the geometry and the fluid 
behavior. From the momentum equations, the velocity 
vector (u,v) is considered the dependent variables (ANN 
outputs). Position vector (x,y) and initial velocity 
condition  are represent the independent variables 
(ANN inputs). The velocity boundary condition is ignored 
since a non-slip wall condition is chosen for all cases. 

 
Neural network design  

An ANN designing can be assessed by the 
architecture of the network and the neurodynamics of the 
neural network. Neural networks architecture concerns 
about calculating the suitable number of input neurons, 
output neurons, hidden layers and the number of the 
hidden neurons inside each hidden layer. Furthermore, the 
nature of the connections between each layers and 
between the neurons themselves is required to be define. 
Neurodynamics describes the transfer functions behaviour 
for both neurons and layers, error calculation functions 
and the data scaling functions [16]. 

The number of hidden layers and the number of 
neurons within each hidden layer are changing according 
to the complexity of the tasks which the (ANN) model 
should perform [16, 17]. All the calculations process in the 
neural networks is done in the hidden layers, one hidden 
layer with a sufficient number of hidden neuron is capable 
of predicting any continuous function. In addition of 
increasing the computational cost, increasing the number 
of hidden layers also compromise the network ability to 
generalize. Overfitting happens when the neural network 
is not able to learn the general patterns and commit to 
individual points (local minima). The poor predicting 
performance is caused by many computations nodes 
calculating small observations which decrease the degrees 
of freedom. In other words, the number of weights, and the 
size of the training set determine the generalization for the 
model. Therefore, just one and two hidden layers is tested 
in this paper. An adjustment to the input variables will be 
made, if the two hidden layers turn to be insufficient. 
Lapeds and Forber [18], and Hecht-Nielsen [19] suggested 
that one or two hidden layers with an suitable number of 
neurons is sufficient to model any non-linear systems and 
adding more layers will not improve the results. 

An experiment is conduct to choose the neural 
network that performs best with the least number of 
hidden neurons. Several neural networks are created with 
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different numbers of hidden neurons. After the training the 
performance of each neural network is plotted versus the 
number of hidden neurons (Figure-1). From the error 
graph, the network with the least error is selected. 

 

 
 

Figure-1. Errors parameters vs numbers of neurons. 
 

Figure-2 illustrates MAPE, RMSE and MEA 
error parameters values between the simulation data and 
(ANN) model predictions with different neurons numbers 
for overall dataset. The objective of calculating these 
parameters is to measure the differences between the 
predicted data and the simulation data. Although some 
statistical parameters are already used in the training 
phase, but these extra parameters will indicate clearly if 
there is overfitting in the (ANN) model. 

The purpose of neural network training is to 
determine the weights vector that satisfy the global 
minima of the error function. The training process has to 
differentiate between all the local minima and the global 
minimum or it will compromise the algorithm 
generalization. Generalization is the idea that a model 
based on a sample of the data is suitable for predicting the 
general population. The learning methods includes 
iteratively reduce the error function between identified 
inputs neurons and the known output neurons.  Two 
parameters controlled the training process the momentum 
term and the number of training iterations. The momentum 
term deals with the random starting weights vectors in 
order to increase the chances of finding the global minima. 
The number of training iterations determines the point 
which the training should be stopped without getting 
trapped in some local minima.  

 
CBC model implementation  

Discretization is required in order to solve the 
system of equations (1), (2) and (3) using any numerical 
techniques such as finite difference methods. The solution 
is applicable only after transforming the continuous 
equations in the entire domain into their discrete 
equivalents for each individual cell. All the calculations 
will be done at cell level, then all the discrete outcomes 
would be combined to provide the solution for entire 
domain. On a staggered grid, the cell borders contain the 
normal velocity components and temperature and pressure, 
are stored at cell centres [20]. The initial conditions and 

the boundaries condition is placed on ghost cells stripe 
outside the domain. The purpose of these ghost cells is to 
compute the desire Navier-Stokes solutions throughout the 
entire computational domain from adjacent cells. 

The cell by cell approach is initiated based on the 
specifics nature of thermal fluid flow. The same previous 
discretization is applied in order to change the function 
space domain from continues to discrete. In (ANN) cell by 
cell approach, the calculation is done at the cell level as 
well, but the model would be already trained before 
running the simulations. The independent variables are 
discretized using the same staggered grid in finite 
difference methods. The entire computational domain can 
be covered by using this three adjacent cells technique. 
Similarly, to other numerical approaches, an interpolation 
procedure might be introduced to calculate missing values 
of the dependent variable in the spaces outside the 
computational domain. 

Collecting the fundamental data for the (ANN) 
variables is difficult task to obtain. Many factors control 
this process like the design of (ANN), the dependent 
variables we use, the applications and the outcomes of the 
(ANN). In the case of two dimensional steady state 
laminar flow the data is extracted from Fluent ANSYS® 
Academic Research, Release 15.0.  ANSYS® is well-
known software with a reputation of providing high 
quality CFD simulations. The training data is exported 
from ANSYS® to ASCII file and Excel file. For each 
different case the data were randomly divided into training 
set, testing set and validating set. The training data set is 
used to adjust the (ANN) weights and biases according to 
their error functions. The validation data are used to 
measure network generalization, and to halt training when 
the generalization is stop improving. The testing data set 
provides an independent measure of network performance 
during and after training. 

The (ANN) model results are obtained by 
applying some errors minimizing functions such as the 
sum of squared errors and least absolute deviations. These 
error functions are not considered as the final evaluation 
criteria since other common forecasting evolution methods 
such as the mean absolute percentage error (MAPE) are 
typically not decreased in neural networks. Different error 
assessing factors are tested in the validation phase for the 
training data and for the (ANN) model result data. 
 
RESULTS 

The (ANN) training data is generated using 
computational fluid dynamics methods (fluent Ansys and 
from numerical code in MATLAB). A total of 221 nodes is 
collected from predefined rectangular domain with 
dimensions (1×√2) for scaling and interpolating purposes. 
A belt of the boundaries conditions nodes is added to the 
predefined location. For each different case the data were 
randomly divided into training set, testing set and 
validating set. The training data set is used to adjust the 
(ANN) weights and biases according to their error 
functions. The validation data are used to measure network 
generalization, and to halt training when the generalization 
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is stop improving. The testing data set provides an 
independent measure of network performance during and 
after training. 

The regression factor is defined as a statistical 
process for estimating the relationships between a 
dependent variable and one or more independent variables. 
The regressions between the simulation data and the 
predictive data is showed in the Figure-2. The predictive 
data accomplish great conform to the existing data with 
regression factor equal R=0.99789 for the feed forward 
(ANN). 

 

 
 

Figure-2. The regressions between the simulation data and 
the feed-forward (ANN) data. 

 
A set of error parameters is calculated in order to 

measure the performance of a model fitting to the existing 
data. The (ANN) model with the highest accuracy (the 
smallest error parameter values) is chosen as the best 
network configuration. These parameters are calculated by 
measure the difference between the predictive quantities 
and the current values. These parameters (statistical 
indexes) can be mathematically expressed by equations (3) 
-(11). 
 

(3) 
 

   (4) 
 

 (5) 
 

     (6) 
 

     (7) 
 

    (8) 
 

    (9) 
 

  (10) 
 

  (11) 
 

The mean square error smallest value achieved 
when 15 hidden neurons are used, but the ratio of the error 
value change between 11 neurons and 20 neurons is small. 
The root mean square error gradient shows the increasing 
value of the error for one neuron is insignificant in the 
range from minimum value at 11 hidden neurons to 20 
hidden neurons. In the interval between 15-20 neurons the 
upward sloping line for the mean absolute error increasing 
value from the lowest value can be neglected. Therefore, 
the error minimum values are reached when choosing an 
(ANN) model with 15 hidden neurons. Table-1, shows the 
error does not tend towards zero but to a limit as the 
number of neurons reach the optimal number. The changes 
in error values versus number of neurons subject to many 
parameters other than the number of neurons.  

The (ANN) models is tested to measure it 
capability for predicting the flow velocity vectors.    
Figure-3 illustrates the general architecture of 
Feedforward (ANN). 

 

 
 

Figure-3. The architecture of Feed-forward (ANN). 
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 Table-1. The error parameters for Feed-forward (ANN). 
 

 
 

For the flow velocity vectors, the differences 
between the simulation data and the predictive data are 
showed in the following Figures (4-6). 
 

 
 

Figure-4. The feed-forward (ANN) predictive velocity 
vectors. 

 

 
 

Figure-5. The CFD simulation velocity vectors. 
  

 
 

Figure-6. The differences between CFD simulation and 
the (ANN) velocity vectors. 

 
CONCLUSIONS 

In the present study, a new (ANN) approach is 
suggested for calculating the velocity vectors of the fluid 
flow. The new (ANN) model is validated by comparing 
the velocity vectors prediction outcomes with the 
simulation data. The (ANN) model manage to predict the 
velocity vectors in the defined boundary domain. The 
excellent outcomes prove the concept of (ANN) 
capabilities to predict the flow velocity vectors with 
acceptable margin of error and in less time. The new 
approach is a promising to be implanted on transient flow 
and predict the velocity vector through time. The optimal 
(ANN) structure for the velocity vectors should be 
investigated for different types of flow other than Laminar. 
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