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to develop design that allow for the proper selection of the heat
exchanger configuration and its material, possibly including
operation parameters such as maintenance cycles and
replacement time due to fouling.

Abstract
Computational Fluid Dynamics (CFD) numerical simulations
were performed to calculate the maximum overall heat transfer
coefficient (U) and minimum pressure drop (Δp) for a crossflow
heat exchanger using four materials: stainless steel, copper,
aluminum and titanium. Transversal and longitudinal sections
were modified, obtaining 143 geometries for analysis. With the
simulated data, an Artificial Neural Network (ANN) was built
to predict the overall heat transfer coefficient and pressure drop
as a function of the heat exchanger material. The ANN exhibits
maximum deviations, between the predicted and simulated
data, below 0.9 y 0.3 % for the pressure drop and air overall
heat transfer coefficient respectively. This assisted model
reference strategy can be used for material selection in the heat
exchanger design considering replacement and cleaning cycles
due to corrosion and fouling in other thermal analysis tasks in
engineering applications.

Heat transfer and fluid behavior in different heat exchanger
configurations have been studied for over 40 years [2,3]. More
recently assisted by numerical simulations to describe the flow
and heat transfer behavior [4-8], including Computational Fluid
Dynamics approaches for the analysis [9]. Software packages,
such as Fluent, have been applied for 2D and 3D simulations of
heat exchangers, achieving a better understanding of the
influence of the geometry and materials [10.11]. Improving the
efficiency of the heat exchanger design and the development of
tools for such a purpose, remain, for the most part, and active
research topic [12-19].
In this contribution, Computational Fluid Dynamics (CFD) is
applied for the analysis of a crossflow heat exchanger seeking
to establish more efficient strategies for finding the optimum
design; Data generated from CFD simulations are used to build
a surrogate ANN model that includes the material type as part
of the variables. Such model may ease the effort in finding the
appropriate material taking into account such factors as
maintenance and replacement cycles.

Keywords Artificial neural networks, Heat transfer, Heat
exchanger, Computational Fluid Dynamics.
INTRODUCTION
Heat exchangers are devices that allow the flow of thermal
energy between two or more fluids at different temperatures
[1]; they are complex systems due to their geometric
configuration that seeks increasing efficiency in the heat
transport. Simulations of heat exchangers and other
components of thermal systems usually address the steady-state
behavior for heat rate prediction required for system design.
The temperature gradients depend directly of the geometry of
the heat exchanger in relationship to the distribution and
position of the elements that transport the fluids. In power
generation plants, where heat exchangers are used for the
energy generation, the heat exchanger performance depends on
several key parameters such as water flow, turbine efficiency
and electric generator efficiency, which are related with the
cooling capacity during regular operation. Thus, it is important

ANNs have been used to predict the heat transfer coefficients,
performance, pressure drop and dynamic control in thermal
systems [20]. ANN also have been used to substitute the
dynamical heat exchanger models for complex geometries and
predict outlet temperatures, mass flow rates [21], Nusselt
numbers and friction factors for finned tubes heat exchangers
[22,23].

PHYSICAL MODEL AND GOVERNING EQUATIONS
A schematic of the heat exchanger studied is shown in Figure
1. This is a crossflow heat exchanger with a triangular array of
pipes and water-air as working fluid. This configuration is
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  T 

widely used in hydroelectric plants to reduce the air
temperature used to cool the electric generators using a water
flow for that purpose. The heat exchanger dimensions are 0.60
x 0.22 x 2 m, pipes have internal and external diameters of
0.01m and 0.013m taken from a real exchanger in use in the
Chicoasén Hydroelectric Generation Plant in Southern Mexico.
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Where: xi , spatial dimension. ui , velocity in direction i.  ,
fluid density.  , dinamic viscosity. P, pressure and T,
temperature.
k-ε Model
Turbulent kinetic energy k equation:
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Turbulent energy dissipation ε equation:
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Here, Gk represents the generation of turbulence kinetic
energy due to the mean velocity gradients. Gb is the generation
of turbulence kinetic energy due to buoyancy. YM represents
the contribution of the fluctuating dilatation in compressible
turbulence to the overall dissipation rate. t is the turbulent
viscosity and is computed by combining k and  as follows:

   C
Figure 1. Figure. 1. Physical model: a) crossflow heat
exchanger: (b) pipe distribution, c) pipe cross section.
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The model constants C1 , C2 , C ,  k and   have the
following default values:
C1  1.44, , C2  1.92, , C  .09, ,  k  1.0 y    1.3

A cross section of the heat exchanger is shown in Figure 1c.
Following the array of the industrial exchanger six rows and
three columns of internal pipes were considered with the
following dimensions: L=0.22m long, W=0.11m width and
H=2m high, as shown in Figure 1(c). Variations on the internal
pipes arrays were studied assisted by the meshes generated by
the ICEM software. The transversal and longitudinal sections
were varied from 0.064 to 0.054m and 0.032 to 0.020m. As a
result, 143 geometries were modeled considering four materials
for the pipes: copper, stainless steel, titanium and aluminum.

Transport Parameters:
The overall heat transfer coefficient, maximum velocity and
pressure drop, were calculated by [26]:
(7)
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The Nusselt number was calculated for both water and air flow,
respectively by [1]:

Mass conservation equation:

   ui u j 






Where: convective heat transfer coefficient at both sides is
given by:

Governing equations
The heat exchanger flow usually operates in a turbulent regime
[24]. A standard k- model was used to analyze the phenomena
[25], taking the form of the following governing equations:
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Energy conservation equation:
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Neural networks were applied with a training algorithm to
predict the heat transfer global coefficient and pressure drop
using the MATLAB toolbox (2010). The ANN consisted of
four layers with 5 neurons in the input layer, two hidden layers
with 10 neurons each, and 2 neurons in the output layer, as
shown in Figure 2. As there is no rigorous way to determine an
optimum number of neurons, the choice in the number of
neurons in the hidden layers is somewhat arbitrary. Our choice
here reflects a compromise between the computational effort
required to train the ANN and an estimate of the minimum
number of neurons necessary to achieve the objective based on
experience. In this process, the choice is tested during the
process of validation of the results: in this particular case the
optimum number of neurons was determined based on the
minimum value of MSE of the training and prediction sets [30,
31].The ANN was trained using a Powell-Beale restart training
algorithm and calculating the derivatives with respect to the
network parameters using the backpropagation algorithm. The
ANN with 10 neurons per hidden per hidden layer was found
to yield correct quantitative results with a minimum squared
error (MSE) below 0.3.

0.2

(10)

Where, f, Re and Pr are friction factor, Reynolds and Prandtl
number, respectively
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The air flow Reynolds number was calculated through two
cases. When 2AD > AT equation (14) and 2AD < AT equation
(15). While, water maximum velocity was obtained through
numerical simulation.
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The pressure drop (p) is a measure of pipe resistance to the
flow, and it is calculated as follows:

p  Nfx

V max 2

(16)
2
Here, f and x are friction and correction factor, respectively.
COMPUTATIONAL MODEL
Computational Fluid Dynamics (CFD) simulations were
developed through the commercial software FLUENT. Heat
exchanger was modeled by k-ε turbulence model with turbulent
flow heat transfer in 3D. For this case, SIMPLE algorithm [27],
interpolation scheme of second degree UPWIND, unstructured
type mesh and a convergence study for geometry were used
[28].
Figure 2. ANN architecture used. The Xt and Xl are the
transverse and longitudinal distance, respectively. Vmax is the
maximum velocity, Kmaterial is the thermal conductivity of the
material and Twall is the wall temperature. These are the inputs
variables and represent the system condition. U and Δp are the
ANN prediction variables.

ARTIFICIAL NEURONAL NETWORKS
The ANNs are defined by their input and output layers, plus a
number of hidden layers each comprised of so-called neurons.
In theory, an ANN with two hidden layers with the appropriate
number of neurons is able to estimate approximately any type
of non-linear function. The neurons in each layer are linked to
the adjacent layers and the strength of this interconnected
configuration is determined by the weights. The interconnected
structure leads to a logical relationship between the input and
output parameters. The number of neurons for the input and
output layers is equal to the input and output variables,
respectively. However, in the hidden layer different numbers of
neurons can be employed and its number may prevent
appropriate optimization of the network. In the network,
information is transferred passing through the connections of
the neurons in the adjacent layers [29].

The ANN input layer are as follows: transverse Xt and
longitudinal Xl distance, maximum velocity Vmax, material
thermal conductivity Kmaterial, and wall temperature Twall, while,
pressure drop Δp and heat transfer global coefficient U were the
output targets, as shown in Figure 2. All values were
normalized between 0 and 1 for training and prediction of the
ANN [32]. For the hidden layers, neurons were non-linear with
tangent sigmoid transfer function (tanhsig) [33,34].
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RESULTS AND DISCUSSIONS
Overall heat transfer coefficient and pressure drop were
predicted through the assisted ANN model. The ANN exhibits
good prediction capabilities as compared with the CFD
simulated data for the four materials used. Pressure drop as well
as overall heat transfer coefficient are in general well predicted,
as can be seen in figures 3 to 5 and 6 to 8, respectively, for
copper, aluminum and stainless steel, the ANN reproduces the
general behavior of the data used for training.

Figure. 6. Results of overall heat transfer coefficient for
copper pipes. As before, simulation (CFD) versus predicted
(ANN) data are compared.

Figure 3. Results of pressure drop for copper pipes. Here,
simulation (CFD) versus predicted (ANN) data are compared.

Figure 7. Results of overall heat transfer coefficient for
stainless steel pipes. As before, simulation (CFD) versus
predicted (ANN) data are compared.

Figure 4. Results of pressure drop for stainless steel pipes.
Here, simulation (CFD) versus predicted (ANN) data are
compared.

Figure. 8. Results of overall heat transfer coefficient for
titanium pipes. As before, simulation (CFD) versus predicted
(ANN) data are compared

The maximum deviation between predicted and simulated data
for the overall heat transfer coefficients were calculated below
of 0.4, 0.1 and 0.2% for copper, stainless steel, and titanium,
respectively; while for pressure drop, the maximum deviations
were below 0.1, 0.6 and 0.8% for the same materials (Figure 9
to 11).

Figure 5. Results of pressure drop for titanium pipes. Here,
simulation (CFD) versus predicted (ANN) data are compared.
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13. The maximum deviation between predicted and simulated
data was found below 0.3 and 0.9% for overall heat transfer
coefficient and pressure drop, respectively, as show Figure 14.
These deviations compared favorably with those for the
materials used for the training data.
Thus, the ANN constructed can predict the overall heat transfer
coefficient and pressure drop independently of the material
used, including the geometric arrange of the heat exchanger.
This surrogate model can now be used for preliminary design
purposes and optimization. For example, seeking a design that
gives maximum heat transfer capability keeping a low pressure
drop the models predicts a geometry with transversal and
longitudinal section sizes of Xt = 0.022 and Xl = 0.063m,
respectively, Δp = 69.87 Pa and U = 238.37 W/m2K for copper,
which is the best achievable compromise for the materials
studied here. CFD simulation was used to verify these
predictions, obtaining a pressure drop and overall heat transfer
coefficient of Δp = 63.23 Pa and U = 226.90 W/m2K, deviation
well within the error acceptable for the design stage of the heat
exchanger.

Figure. 9. Relative error for copper pipes data. Here, the
pressure drop (Δp) relative error is below 0.1 %, while overall
heat transfer coefficient (U) relative error is below 0.4 %.

Figure. 10. Relative error for stainless steel pipes. Here, the
pressure drop (Δp) relative error is below 0.6 %, while overall
heat transfer coefficient (U) relative error is below 0.1 %.

Figure. 12. Results of pressure drop for aluminum pipes. Data
for aluminum were not included for training, the
generalization capabilities of the ANN are validated in this
manner.

Figure. 11. Relative error for titanium pipes. Here, the
pressure drop (Δp) relative error is below 0.8 %, while overall
heat transfer coefficient (U) relative error is below 0.2 %.

In order to validate the generalization capabilities of the ANN
we used a four material, aluminum, as test material. Once again
heat exchanger simulation data were compared against the
ANN prediction of the overall heat transfer coefficient and
pressure drop. The results show that the ANN is capable of
reproducing these variables although data for aluminum as heat
exchanger material was not used for training, Figures 12 and

Figure. 13. Results of overall heat transfer coefficient for
aluminum pipes. Data for aluminum were not included for
training, the generalization capabilities of the ANN are
validated in this manner.
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