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Abstract. In this work, natural convection ﬁn experiments are performed with mild steel as the ﬁn and an
aluminium plate as base. The dimension of the mild steel ﬁn is 250 mm 9 150 mm 9 6 mm and the aluminium
base plate is 250 mm 9 150 mm 9 8 mm. A heater is provided on one side of the aluminium base plate and the
mild steel ﬁn emerges on the other side of the plate. The heater provides required heat ﬂux to the ﬁn base;
several steady-state natural convection experiments are performed for different heat ﬂuxes and corresponding
temperature distributions are recorded using thermocouples at different locations of the ﬁn. In addition, a
numerical model is developed that contains the dimensions of the ﬁn set-up along with extended domain to
capture the information of the ﬂuid. Air is treated as a working ﬂuid that enters the extended domain and absorbs
heat from the heated ﬁn. The temperature and the velocity of the ﬂuid in the extended domain are obtained by
solving the Navier–Stokes equation. The numerical model is now treated as a forward model that provides the
temperature distribution of the ﬁn for a given heat ﬂux. An inverse problem is proposed to determine the heat
ﬂux that leads to the temperature distributions during experiments. The temperature distributions of the
experiments and forward model are compared to identify the unknown heat ﬂux. In order to reduce computational cost of the inverse problem the forward model is then replaced with artiﬁcial neural network (ANN) as
data reduction, which is developed using several computational ﬂuid dynamics solutions, and the inverse
estimation is accomplished. The results indicate that a quick solution can be obtained using ANN with a limited
number of experiments.
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1. Introduction
With the wealth of temperature measurements, in addition
to knowing the geometry and initial conditions, an
approach to estimate the thermophysical properties, surface
temperatures and boundary properties is termed as an
inverse problem. Mostly, the temperature information from
experiments is used to estimate the unknown parameters.
When conducting experiments repetitively becomes difﬁcult, the experimental data are replaced by surrogate/simulated measurements. The inverse method is broadly
classiﬁed into deterministic and stochastic methods; while
the former is gradient-based method, the latter represents
probabilistic method.
Large amount of work is done in the area of inverse heat
transfer. Beck et al [1] discuss the formulation of inverse
heat conduction problems and also provide information
*For correspondence

about the solution techniques. Ozisik and Orlande [2]
provide a summary of classical methods for the inverse
problems in heat transfer. Many researchers have used the
gradient-based methods such as the Levenberg–Marquardt
method [3–8] and the steepest descent method [9] as an
inverse approach and successfully estimated the unknown
parameters.
The need for a non-iterative solution to several physical
problems has led to the application of artiﬁcial neural
networks (ANNs) [10–14]. Basically, ANN trains the input
and the output parameters from the knowledge of some
process parameters. It is also capable of dealing with noisy
and nonlinear relationship. Krejsa et al [15] discuss two
approaches for using ANN to solve IHCP: (i) the whole
history mapping approach and (ii) sequential approach.
Shiguemori et al [16] considered a 1-D parabolic inverse
problem and the unknown initial condition was estimated
using three neural network models. The models are: a
feedforward network with back-propagation, radial basis
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functions (RBF) and cascade correlation. An inverse
method is proposed for the estimation of boundary conditions in a heat conduction problem using neural network
trained by the local and global optimizers. The test problem
considered was a square slab with an internal heat source of
circular shape [17]. A feed-forward back-propagation ANN
algorithm has been applied for heat transfer analysis of
phase change process in a latent heat thermal energy storage system with ﬁnned tube [18]. An ANN model was
developed for calculating the Biot number/heat transfer
coefﬁcient in ﬂuid–particle systems with time-dependent
boundary conditions [19]. Critical heat ﬂux was estimated
under oscillating conditions using ANN to predict CHF
under low pressure, oscillation conditions [20]. A hybrid
method has been proposed by Balaji and Padhi [21] to
estimate the unknown heat generation. The forward model
consists of ANN and the inverse model is solved using the
Bayesian inference method. Deng and Hwang [22] used
ANN as the solution for forward and inverse heat conduction problems. Hopﬁeld neural network was used to
compute the temperature distribution in the forward problem and back-propagation algorithm was used as an inverse
method to identify the unknown boundary condition. BenNakhi et al [23] compared the results of CFD simulations
and ANN and proved that ANN can be used as a reduced
model for the process of estimation of unknown parameters. Wang et al [24] inferred that the ANN acts as a robust
method against the uncertainties associated during the
estimation of heat ﬂux using experimental data. ANN-based
solution has been proposed for the inverse heat conduction
problem of identifying the temperature-dependent volumetric heat capacity and thermal conductivity [25].
Romero-Mndez et al [26] estimated the convective heat
transfer coefﬁcient for a refrigeration application using
ANN. Recently, Harsha et al used ANN that replaces the
conventional computational ﬂuid dynamics (CFD) model in
order to expedite the forward computations. The ANN
model was exclusively trained using experimental data for
the estimation of unknown heat ﬂux, thereby completely
eliminating the associated mathematical modelling to attain
a swift solution [27].
From the afore-mentioned literature, one can foresee a
signiﬁcant aberration from the conventional gradient-based
methods like the Levenberg–Marquardt algorithm, conjugate gradient method with Adjoint problem, etc. to
stochastic-based methods in the ﬁeld of inverse estimation.
By and large, stochastic methods are very popular among
researchers due to their inherent superiority such as easy
implementation, robustness, less dependence on initial
guess and easy parallelization. In the inverse estimation of
unknown parameters, the noteworthy achievement is to
unveil the computational complexity of high-dimensional
problem and to enable efﬁcient model reduction in order to
mitigate the computational cost.
In this paper, both the forward and the inverse models
have been developed using the ANN approach. In the
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forward model, heat ﬂux values are given as input and the
temperatures are obtained as output, whereas in the inverse
model, heat ﬂux is obtained as output by providing the
temperature data as input.

2. Experimental details
The general application of ﬁns is to enhance heat transfer
from the heated surface to the ambient. To achieve this, a
material of high thermal conductivity is preferred. When a
high thermal conductivity material is used, the variation of
temperature of the ﬁn is less and thus leads to isothermal
condition. Nevertheless, a temperature distribution is
mandatory in order to perform inverse estimation. Hence, in
this work a mild steel ﬁn is chosen so as to obtain the
necessary temperature distribution to estimate the unknown
heat ﬂux and heat transfer coefﬁcient. The works of [28, 29]
use mild steel as the ﬁn material for the inverse estimation
of unknown parameters. Natural convection heat transfer
experiments are performed on a mild steel ﬁn with the
dimension 250 9 150 9 6 mm3. The ﬁn is mounted onto
an aluminium base plate in such a way that a groove is
made on the base plate and the mild steel ﬁn is tight ﬁtted
onto it. A thermal paste is applied to decrease the air gap
and to improve the heat conduction between the ﬁn and the
base plate. An heater is placed beneath the base plate so as
to supply required heat ﬂux. Figure 1 shows the experimental set-up used in the present work. The photographic
view of the heater is shown in ﬁgure 2. In order to minimize
the heat loss, sides of the base plate and bottom of the
heater are insulated using glass wool. Figure 3 shows a
schematic representation of the 3-D ﬁn. The thermal conductivity of the glass wool material is 0.04 W/mK. Many
layers of glass wool are placed beneath the heater and sides
of the base plate to minimize heat loss. The backside portion of the heater is insulated and a thermocouple is placed
on the insulation surface. Complete contact between the
heater and the base plate was ensured by tightening the
screws in the frame, which helped in pushing the base plate
against the heater. The size of the heater is the same as the
size of the base plate. The dimension of the base plate is
250 9 150 9 8 mm3 and that of the heater is
250 9 150 9 1.4 mm3. Due to high thermal conductivity
of aluminium, temperatures obtained at the different locations on the aluminium plate are almost the same with
±1.5°C; hence, it is treated as a lumped system. K-type
thermocouples are connected along the length of the ﬁn and
also along the base to record temperatures. The measured
temperatures are stored in a desktop computer with the help
of Labview software. Experiments are carried out for different values of power input in a controlled environment.
Each experiment spans a time duration of about 4–5 h in
which three stages are accomplished, namely heating,
steady state and cooling. The steady state for a particular
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Figure 1. Photographic views of the vertical ﬁn set-up.

Figure 2. (a) Front view of the ﬁn set-up. (b) Photographic view of the heater.

temperature recorded by the thermocouple was found to be
43°C. Heat loss per unit area from this surface area to the
surrounding is calculated by Newton’s law of cooling,
q ¼ hADT, in W. For natural convection, assuming heat
transfer coefﬁcient (h) to be 5 W/m2 K and the ambient
temperature to be 31°C, the heat loss is calculated as
2.25 W.

2.1 Uncertainty analysis
Figure 3. Schematic representation of the 3-D vertical ﬁn with
insulation.

experiment is conﬁrmed when the temperature difference
measured by the thermocouple is less than 0.2°C for a time
duration of 10 min. At this point, the power supply to the
heater is turned off and the ﬁn is allowed to cool. For a
maximum experimental heat ﬂux of 2784 W/m2 the

For the problem considered, during experiments, power
supply to the heater is with the help of a power source that

Table 1. Experimental uncertainty.
Sl. no.
1.
2.

Instrument
DC power source
Digital multimeter

Uncertainty
±0.2%
±1.6%
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contains information about voltage and current. Table 1
shows the uncertainty associated with the devices.
P ¼ VI:

ð1Þ

The uncertainty involved in DC power input of 32 W
during measurements is calculated as
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

2 
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3.1 Boundary conditions
At the inlet, the following boundary conditions are
imposed:
u ¼ 0; v ¼ 0; w ¼ 0; T ¼ T1 :

ð11Þ

At the outlet of the domain the following boundary condition is used:
o2 u
o2 v
o2 w
o2 T
¼
0;
¼
0;
¼
0;
¼ 0:
oy2
oy2
oy2
oy2

ð12Þ

The x-face of the domain is subjected to

3. Numerical simulation
u ¼ 0; v ¼ 0; w ¼ 0;
The forward problem consists of a mild steel ﬁn of dimension
250 9 150 9 6 mm3 mounted onto an aluminium base of
dimension 250 9 150 9 8 mm3. The base of the aluminium
plate is subjected to constant heat ﬂux. The geometrical representation of the problem domain is shown in ﬁgure 4. To
account for the convection study, an extended domain is created and air is considered as the ﬂuid medium. The numerical
model is developed as a 3-D conjugate heat transfer problem.
A domain independence study has been carried out for the
given geometry by varying the dimensions of the extended
domain. Finally, the dimension of the extended domain was
considered to be 975 9 995 9 930 mm3 in x, y, z direction,
respectively. The numerical model is created and meshed
using ANSYS-FLUENT. The governing equations of the
present study are given as follows:
ou ov ow
þ þ
¼ 0;
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The z-face of the domain is subjected to
u ¼ 0; v ¼ 0; w ¼ 0;

oT
¼ 0:
oz

ð14Þ

Region ‘‘a’’ is solid–solid interface and the transfer of
energy in this region is through conduction, where the walls
of the ﬁn and the aluminium base are treated as a coupled
wall:
kAl

oT
oT
¼ kms
; TAl ¼ Tms :
on
on

ð15Þ

In regions ‘‘b’’, ‘‘c’’ and ‘‘d’’ the kind of boundary condition
imposed is solid–liquid interface, so the energy transfer
between the ﬁn faces and air in the extended domain is by
convection:
kms

oT
oT
¼ kf
; Tms ¼ Tf
on
on

ð16Þ

where kAl is thermal conductivity of aluminium in W/mK,
kxms is thermal conductivity of mild steel in W/mK and kf
is thermal conductivity of ﬂuid in W/mK.
In region ‘‘e’’, i.e along the sides of the base, insulation
boundary condition is applied:
oT
¼ 0:
ox

ð9Þ

oT
¼ 0:
oY

ð17Þ

No slip condition is applied along all solid walls. All these
regions are treated as interfaces.
One of the ﬁndings of the present work is the estimation
of heat transfer coefﬁcient (h) mentioned in region ‘‘c’’,
where the side of the mild steel plate dissipates heat by
natural convection to the ambient; hence, the forward
model is solved based on the boundary condition given in
Eq. (18), which replaces Eq. (16) [30]:
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Figure 4. Numerical model of the ﬁn set-up.

kms

oT
¼ hDT:
on

ð18Þ

3.1.1 Grid independence study In order to ﬁnd out
optimum grid size for the computations of the forward
problem, a grid independence test has been examined.
Hexahedral cells are used. The results of the grid
independence study are shown in ﬁgure 5 and 456,402
nodes are found to be optimum as there is no signiﬁcant
change in temperature with an increase in number of nodes.
Numerical simulations are carried out using a 32-core
64-GB RAM workstation and the average time taken to
obtain a single forward solution is 45 min.

4. Training the neural network model
ANN is a numerical tool, which is used to correlate the
inputs and outputs of a certain experiment. The name of this
technique is inspired from the biological nervous system,
which acts according to the input stimulus, processes the
information in the neurons taking into account the previous
experiences and gives out the reactions as required. The
ANN simulates such a process. The main advantage of
using ANN is that it can model nonlinear relationships
between the inputs and outputs very well.

Figure 5. Grid independence study.

The architecture of the ANN consists of an input layer,
variable number of hidden layers and an output layer.
Figure 6 shows the layout of ANN. To train the network,
the inputs and their corresponding outputs are ﬁlled in the
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input and output layers. A perceptron in an ANN is the
analogous element to the neuron in the biological nervous
system [22]. Each input and output individually is represented by a perceptron. The perceptron is a processing node
that processes data and sends it to the next layer in the
network. The number of hidden layers and the number of
perceptrons in the hidden layers can highly affect the
accuracy of each architecture. Each perceptron in the network has a weight associated with it to determine the
importance of that particular information stored in that
node. In the ﬁrst iteration of the training, based upon the
inputs and default weights, the network ﬁnds an output and
compares this to the actual output. Based upon the error
observed, the weights are modiﬁed in each successive
iteration until the error becomes zero. The training is performed using the back-propagation algorithm.

where l is index of patterns, O is index of outputs and e is
the error at each output using different patterns. The backpropagation algorithm trains a given feed-forward multilayer network for a given set of input patterns. The output
response to the sample input neuron is examined by the
network for every given sample. The set of these sample
patterns are repeatedly fed to the network until the error as
deﬁned in Eq. (19) is minimized. Patterns refer to the
pattern of training the sample set between the inputs and the
known outputs. The network represents a chain of function
compositions that transform an input to an output vector,
called as a pattern. They are also called as network
functions.
The constant 1/2 in Eq. (19) will disappear when E is
once differentiated. This small arrangement makes the
function E easy to use. The error gradient G is



oE oE
oE
;
; . . .;
:
G¼
ow1 ow2
own

4.1 Back-propagation using the Levenberg–
Marquardt algorithm
Training of ANN is a process where the error between the
actual outputs and desired outputs is computed and the
weight matrix is modiﬁed such that in the next iteration, the
disparity is reduced. This is carried out until the error
vanishes or reduces below a threshold value. The backward
propagation mainly works in two steps. First, the calculations are done in the forward direction, and the outputs and
derivatives are calculated. Second, the network is run
backward and the pre-calculated derivatives are used to
modify the weight matrix. The Levenberg–Marquardt
method is used for curve ﬁtting. This method is a combination of the gradient descent and Gauss–Newton algorithm
and delivers the advantages of both. The error or activation
function should be continuous and differentiable multiple
times. The error square is deﬁned as
E¼

l X
o
1X
e2
2 l¼1 o¼1 l;o

ð19Þ

ð20Þ

The Newton method takes into account the descent of the
error gradient, i.e.
 2 
oG
oE
¼
owj
owi owj

ð21Þ

and, in the process, deﬁnes a Hessian matrix H where
hi;j ¼

o2 E
:
owi owj

ð22Þ

From these equations, the modiﬁcations to be made in
weights can be found to be
wmþ1 ¼ wm  ðH 1 Þm Gm

ð23Þ

where m is the count of the iteration.
However, the Hessian matrix involves calculating double
differentials, and calculating this each time is computationally expensive. Hence the Gauss–Newton method
deﬁnes a Jacobian matrix J:
Ji;j ¼

oel;o
own

ð24Þ

such that
G ¼ Je

and

H ¼ J T J:

ð25Þ

Substituting this gives
wmþ1 ¼ wm  ðJ T JÞ1
m Jem :

Figure 6. Basic layout of ANN.

ð26Þ

The Hessian matrix sometimes may not be invertible and
will create problems during calculations. The trick to evade
this problem is to try to make all the diagonal elements of H
larger than zero. Hence, the Levenberg–Marquardt method
states an approximation that
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Figure 9. Temperature values along the length of the ﬁn for
different values of heat ﬂux.
Figure 7. Temperature along the height of the ﬁn for the heat
ﬂux of 1600 W/m2.

Figure 8. Velocity plot for the heat ﬂux of 1600 W/m2.

H ¼ ðJ T JÞ þ kI:

ð27Þ

k is always positive and it is called the combination
coefﬁcient. I is the identity matrix. Hence, Eq. (26) can be
written as
wmþ1 ¼ wm  ðJ T J þ kIÞ1
m ðJeÞm :

ð28Þ

This equation can be efﬁciently used to modify weights in
each iteration and stop the process when the error gradient
reaches its minimum. One disadvantage of using backward
propagation algorithm is that it might stop at the local gradient
minima and would not wait for the global minima to be
achieved. This will affect the accuracy of the output drastically. Hence, this algorithm is to be used appropriately in
small or moderately hard problems where the error functions
do not change signiﬁcantly.

Figure 10. Comparison of measured and simulated temperatures
along the length of ﬁn.

Based on the values of some of the common performance
metrics [21] used the number of neurons in the hidden layer
is selected. Neuron independence test is carried out to ﬁx
the number of neurons in the hidden layer. Once the networks are established the objective is to ﬁx the neurons,
which would also ﬁx the network. To accomplish this task,
Eqs. (29) and (30) are used. The neuron that provides the
minimum relative error (MRE), and correspondingly maximum correlation coefﬁcient (R2 ), is selected.
The mean relative error is
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Figure 11. Overview of the present estimation methodology for the single-parameter estimation.

MRE ¼

N
1X
jtactual;i  tnetwork;i j
N i¼1
jtactual;i j

ð29Þ

where tactual;i is the temperature data obtained from
simulations, tnetwork;i is the temperature obtained from the
network trained between known input and output and
N represents the number of data used for testing.
The correlation coefﬁcient is
PN
ðtactual;i  tt
Þ2
2
R ¼ 1  i¼1 PN 2 network;i :
ð30Þ
i¼1 tactual;i

5. Results and discussion
5.1 Solution from the forward model
A 3-D numerical model is created in ANSYS and Eqs. (5)–
(18) are solved to obtain the temperature distribution along
the length of the ﬁn for the assumed heat ﬂux. The heat ﬂux
applied at the base is varied from 305 to 3300 W/m2. The
selection of heat ﬂux range conﬁrms that the Rayleigh
number does not exceed the critical value and the ﬂow
remains laminar. The maximum temperature of the ﬁn is
chosen to calculate the Rayleigh number and it turns out to
be less than 109. Therefore, the ﬂow is assumed to be
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Figure 12. Overview of the present estimation methodology for the simultaneous estimation of heat ﬂux and heat transfer coefﬁcient.

Table 2. Comparison between numerical simulation and ANN temperatures.
Heat ﬂux = 1100 W/m2
Sl. no.
1
2
3

Location, m
Base
0.005
0.178

Heat ﬂux = 1600 W/m2

Heat ﬂux = 2200 W/m2

TCFD , K

TANN , K

TCFD , K

TANN , K

TCFD , K

TANN , K

363.43
333.36
338.54

363.43
333.35
338.53

389.49
346.33
353.42

389.52
346.32
353.42

419.77
361.10
370.30

419.78
361.09
370.30

laminar. When heat ﬂux is given as input to the base of the
ﬁn, the relevant Navier–Stokes equation and energy equation of the ﬁn are solved simultaneously in order to obtain
temperatures of the ﬁn, i.e. along the height of the ﬁn.
Based on the temperatures of the ﬁn, the average convective heat transfer coefﬁcient is calculated. A similar procedure is followed to obtain the heat transfer coefﬁcients
for different heat ﬂuxes of the ﬁn. Subsequently, several
numerical simulations are carried out using different values
of heat ﬂux as input and the results of temperature contour
are shown in ﬁgure 7.
Figure 8 presents velocity magnitude along the height of
the ﬁn. The velocity graph plotted is at 3 mm from the ﬁn
surface and it is along the height of the ﬁn. It can be
observed from the graph that the velocity increases along
the height of the ﬁn, i.e. in the vertical direction. The

magnitude is small, indicating that natural convection takes
place and due to changes in the density of air, velocity
increases in the vertical direction due to convection heat
transfer from the surface of the ﬁn to the adjacent ﬂuid.
Further, along the length of the ﬁn, there is a gradual
increase in the temperature, indicating that the heat transfer
from the ﬁn surface to ambient as ‘‘y’’ tends to ‘‘L’’ is
decreases because cold air from the bottom receives more
heat and raises upstream due to the density difference,
which is evident from ﬁgure 9. The results of the steadystate temperature distribution obtained from the vertical
base ﬁn for different power levels are as shown in ﬁgure 10.
As a novel approach, the ANN model, which reduces the
computational cost substantially, replaces the time consuming numerical solutions. Therefore, in the inverse
estimation, as it is an iterative process, the computational
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Figure 13. Correlation coefﬁcient plot for forward model: (a) one experiment value, (b) two experiment values, (c) three experiment
values and (d) four experiment values.

Table 3. Comparison between simulation temperature and ANN temperature when single experimental temperature is considered
(Model 1).
Heat ﬂux = 1100 W/m2
Sl. no.
1
2
3

Location, m
Base
0.005
0.178

Heat ﬂux = 1600 W/m2

Heat ﬂux = 2200 W/m2

TCFD , K

TANN , K

TCFD , K

TANN , K

TCFD , K

TANN , K

363.43
333.36
338.54

363.39
333.46
338.65

389.49
346.33
353.42

389.49
346.32
353.42

419.77
361.10
370.30

419.71
361.05
370.23

Table 4. Comparison between simulation temperature and ANN temperature when two experimental temperature are considered
(Model 2).
Heat ﬂux = 1100 W/m2
Sl. no.
1
2
3

Location, m
Base
0.005
0.178

Heat ﬂux = 1600 W/m2

Heat ﬂux = 2200 W/m2

TCFD , K

TANN , K

TCFD , K

TANN , K

TCFD , K

TANN , K

363.43
333.36
338.54

363.21
333.34
338.52

389.49
346.33
353.42

389.61
346.35
353.43

419.77
361.10
370.30

419.71
361.12
370.33
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Table 5. Comparison between simulation temperature and ANN temperature when three experimental temperatures are considered
(Model 3).
Heat ﬂux = 1100 W/m2
Sl. no.
1
2
3

Location, m
Base
0.005
0.178

Heat ﬂux = 1600 W/m2

Heat ﬂux = 2200 W/m2

TCFD , K

TANN , K

TCFD , K

TANN , K

TCFD , K

TANN , K

363.43
333.36
338.54

363.13
333.12
338.78

389.49
346.33
353.42

389.50
346.25
353.32

419.77
361.10
370.30

420.04
361.72
370.39

Table 6. Comparison between simulation temperature and ANN temperature when four experimental temperatures are considered
(Model 4).
Heat ﬂux = 1100 W/m2
Sl. no.
1
2
3

Location, m
Base
0.005
0.178

Heat ﬂux = 1600 W/m2

Heat ﬂux = 2200 W/m2

TCFD , K

TANN , K

TCFD , K

TANN , K

TCFD , K

TANN , K

363.43
333.36
338.54

363.33
333.92
338.08

389.49
346.33
353.42

389.42
346.58
353.53

419.77
361.10
370.30

420.81
360.83
370.18

time increases, thereby generating more data and more
storage space. In order to avoid this, the supremacy of the
ANN method is exploited in such a way that it is used as
both the forward and the inverse methods. An overview of
the present estimation methodology is depicted in ﬁgure 11. ANN training is created with a limited number of
simulations and experiments for both the forward and the
inverse models. Subsequently, both these models are then
injected with experimental temperature one by one to
obtain different models and eventually, estimation of the
heat ﬂux is carried out. An overview of the simultaneous
estimation of the unknown parameters using ANN is presented in ﬁgure 12.

5.2 ANN as the forward model

Figure 14. Mean absolute error for the ANN data.

The use of ANN method as the forward model not only
surrogates the conventional CFD model but also provides
an appropriate solution for the given input, which was
originally not a part of the trained neural network model.

Table 7. Estimation of heat ﬂux for the simulated measurements.
Sl. no.
1
2
3
4

Actual heat ﬂux, W/m2

Estimated heat ﬂux, W/m2

Error, %

1100
1600
2200
2900

1099.7
1599.7
2198.65
2915.44

0.02
0.01
0.06
0.53
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Table 8. Estimation of heat ﬂux using Inverse Models 1– 4.
Retrieved heat ﬂux, W/m2
Actual heat ﬂux, W/m2

Inverse model 1

Inverse model 2

Inverse model 3

Inverse model 4

1102.7
1599.3
2197.1

1098.9
1599.4
2200.3

1099.6
1599.4
2199.2

1098.5
1599.0
2201.8

1100
1600
2200

Figure 15. Percentage deviation plot for the estimated heat ﬂux
when experimental data were injected to the simulated
measurements.

To train the network, several numerical simulations are
performed and ﬁnally training is performed between the
known heat ﬂux and the temperature data. Neuron independence study is carried out to ﬁx the number of neurons
while training the network. Table 2 shows the comparison
between the simulated and the ANN temperatures. The
agreement between the simulated and ANN temperatures is
good; hence, ANN is proved to be a potential alternative to
the CFD model. Furthermore, the ANN model developed
using a limited number of CFD simulations is now injected
with experimental temperature in a qualitative manner. The

goal is to collaborate the experimental temperatures and
numerical simulations, thereby achieving a constructive
forward model with a limited number of simulations and
experiments.
It is pertinent to mention here that the orientation considered in the present problem is vertical. The longer length
of the ﬁn, which is 250 mm, is in the vertical direction.
Temperature distribution along the Y-axis is considered.
Also, the temperature of the base is considered in the
analysis. For a given heat ﬂux, temperature information at
three locations is obtained from CFD simulations. Likewise, 24 data sets have been created for training the neural
network that surrogates the conventional forward model
(CFD data). Furthermore, the experimental temperatures at
different locations (temperature at the base, which is the
interface between aluminium and mild steel ﬁn, y = 2 mm
and y = 178 mm along the ﬁn) of the ﬁn for a given heat
ﬂux are injected into the forward model and Model 1 is
created. Model 1 is then injected with three experimental
temperatures (sensor location) for another heat ﬂux and
Model 2 is created. Similarly, four models are created, that
is Model 1–Model 4; as a result, Model 4 contains the
temperature information of all four experimental heat
ﬂuxes. In a similar fashion, Inverse Model 1, Inverse Model
2, Inverse Model 3 and Inverse Model 4 are created with
temperatures as input and corresponding heat ﬂux as output. As mentioned previously, in order to estimate the value
of one heat ﬂux, three temperatures are required for the
Inverse Model. The corresponding neuron independence
study for all these models is shown in ﬁgure 13
Tables 3, 4, 5 and 6 show the comparison between ANN
and simulation temperatures for different models. The
output obtained from Model 1 (network trained by

Table 9. Heat ﬂux and heat transfer coefﬁcient as input to the network.
q = 1500 W/m2, h = 4.540 W/
m2 K

q = 1600 W/m2, h = 4.924 W/
m2 K

q = 2200 W/m2, h = 5.324 W/
m2 K

Sl. no. Location, m

TCFD , K

TANN , K

TCFD , K

TANN , K

TCFD , K

TANN , K

1
2
3

363.43
333.36
338.54

363.33
333.92
338.08

389.49
346.33
353.42

389.42
346.58
353.53

419.77
361.10
370.30

420.81
360.83
370.18

Base
0.005
0.178
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Table 10. Estimation of heat ﬂux and heat transfer coefﬁcient for temperatures obtained from experimental heat ﬂux of 853 and
1232 W/m2 .
Actual
q, W/m2
853
1232

Estimated
h, W/m2 K

q, W/m2

h, W/m2 K

Error, %
q

3.78
4.28

823.64
1155.6

3.71
4.37

3.44
6.20

considering one experimental heat ﬂux temperature value)
is compared to the output obtained from simulation. Similarly, Tables 4, 5 and 6 show, respectively, the comparison
between Model 2, Model 3 and Model 4 and the corresponding simulation data. From these tables, the maximum
errors for Model 1, Model 2, Model 3 and Model 4
observed are 0.03%, 0.06%, 0.22% and 0.46%, respectively. Figure 14 shows the mean absolute error obtained
for all these models.

6. ANN as inverse model for single-parameter
estimation
For the purpose of estimation of the unknown heat ﬂux, the
input and the output data used in Models 1–4 have now
been interchanged to obtain Inverse Models 1–4. Nevertheless, the Inverse Models 1–4 contain heat ﬂux as output
and temperatures as input. Before estimating the heat ﬂux
based on Models 1–4, an attempt has been made to estimate
the heat ﬂux for simulated measurements. The results of the
estimation are shown in Table 7.
When ANN is used as inverse method, a maximum error
of 0.53% is seen from the table for the simulated measurements; therefore, the results of the inverse estimation
corroborate the efﬁcacy of the ANN methodology. Further,
the results of the estimation of heat ﬂux using Inverse
Models 1–4 are reported in Table 8. From the table it is
observed that the maximum deviation in the estimated heat
ﬂux is 0.24%. Figure 15 shows the percentage deviation
plot for the estimated heat ﬂux when experimental data are
injected to the simulated measurements.

6.1 Simultaneous estimation of heat ﬂux and heat
transfer coefﬁcient
In parameter estimation, the idea is to obtain as much
information about the unknown parameters as possible
using a single experiment. When heat ﬂux is given as input
to the numerical model, temperatures of the ﬁn and associated heat transfer coefﬁcient are obtained. Similarly, the
value of heat transfer coefﬁcient is obtained for different

Error, %
h
1.64
2.10

heat ﬂux values of the ﬁn. Hence, an attempt has been made
to simultaneously estimate the heat ﬂux and the heat
transfer coefﬁcient based on one single steady-state
experiment. To accomplish this, the neural network model
for the forward computations of temperatures is now
modiﬁed to consist of both the heat ﬂux and the heat
transfer coefﬁcient (see Table 9). The efﬁcacy of the neural
network is further proved by performing simultaneous
estimation of heat ﬂux and heat transfer coefﬁcient.
The retrieved values of the heat ﬂux and heat transfer
coefﬁcient for the experimental temperature are shown in
Table 10, with the maximum error of 6.2% and 2.1% for
heat ﬂux and heat transfer coefﬁcient, respectively. This
further buttresses the use of ANN for the simultaneous
estimation of unknown parameters.

7. Conclusions
A 3-D numerical model was created with appropriate boundary conditions using commercial software ANSYS-FLUENT.
The numerical model along with the governing equations was
used as conjugate heat transfer model to obtain necessary
temperature distribution. In all, 24 data sets have been created
for training the neural network that surrogates the conventional forward model. In the ﬁrst stage, the heat ﬂux was used
as the input to ANN model and temperatures were obtained as
the output; later the same ANN model was then injected with
experimental temperature at various levels to acquire Model
1–Model 4. In the second stage, Inverse Models 1–4 were
developed to estimate the unknown heat ﬂux based on the
temperature data. After establishing the robustness of the
retrieval methodology, ANN was again applied for the
simultaneous estimation of heat ﬂux and heat transfer coefﬁcient for the experimental temperatures. When ANN was used
as inverse method, a maximum error of 0.53% was observed
for the simulated measurements with a maximum error of
6.2% and 2.1% for simultaneous estimation of heat ﬂux and
heat transfer coefﬁcient, respectively. Based on the proposed
analysis, the following are the highlights of the work:
1. Time-consuming CFD simulations can be successfully
replaced by the neural network model, which can unveil
the high-dimensional complexity and can reduce the
computational cost.
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2. ANN driven by experimental temperature acts as the fast
forward model for effective estimation of unknown
parameters, thereby equipoising the underlying physics
and experiments.
3. With less effort, ANN can replace the conventional
inverse methods in order to do away with iterative
procedure.
4. The efﬁcacy and robustness of the proposed methodology has been demonstrated through single-parameter and
multi-parameter estimations using a limited number of
real time steady-state heat transfer experiments.
Nomenclature
ANN
h
I
k
L
MRE
P
T
T1
DT
u
v
w

artiﬁcial neural network
heat transfer coefﬁcient, W/m2 K
current, A
thermal conductivity, W/mK
length of the ﬁn, m
mean relative error
power, W
temperature, K
ambient temperature, K
T  T1
velocity component in x direction, m/s
velocity component in y direction, m/s
velocity component in z direction, m/s

Greek symbols
b
q
m

1/T, thermal expansion coefﬁcient, 1/K
density, kg/m3
kinematic viscosity, m2 /s.

Subscripts
Al
ms
f

aluminium
mild steel
ﬂuid
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