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Heat transfer due to laminar natural convection of copper-water nanofluid in a differentially heated
square cavity has been predicted by Artificial Neural Network (ANN). The nanofluid has been considered
as non-Newtonian. The ANN has been trained by a resilient-propagation (RPROP) algorithm. The required
input and output data to train the ANN has been taken from the results of numerical simulation that was

performed simultaneously where the transport equations has been solved numerically using finite volume

approach incorporating SIMPLER algorithm. Results from simulation and resilient-propagation (RPROP)
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ANN based ANN have been compared. It has been observed that the ANN predicts the heat transfer correctly
RPROP within the given range of training data. It is further observed that resilient-propagation (RPROP) based
Nanofluid ANN is an efficient tool to predict the heat transfer than simulation, which takes much longer time to
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1. Introduction

Researchers have observed that thermal conductivity of nano-
fluid is much higher than that of the base fluids even for low
solid volume fraction of nanoparticles in the mixture [1,2]. The
nanofluid is stable, introduce very little pressure drop and it can
pass through nanochannels [3]. Das et al. [4] has observed that
the thermal conductivity for nanofluid increases with increasing
temperature. Due to the lack of an accepted theory to predict
the effective thermal conductivity of nanofluid, several researchers
have proposed different correlations to predict the apparent ther-
mal conductivity of this two-phase mixture. The models proposed
by Hamilton and Crosser (HC) [5], Wasp [6], Maxwell-Garnett [7],
Bruggeman [8] and Wang et al. [9] to determine the effective ther-
mal conductivity of nanofluid failed to predict it accurately. The
experimental results show a much higher thermal conductivity of
nanofluid than those predicted by these models. Kumar et al. [10]
has considered the effect of temperature on thermal conductivity
in his proposed model. Patel et al. [11] has improved the model
given in [10] by incorporating the effect of micro-convection due to
particle movement. The effect of temperature is justified as Brow-
nian motion increases with temperature, which causes additional
convective effect. The above model is applicable for low concen-
tration of solid volume fraction. The model takes into account the
effect of particle size through an increase in specific surface area
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of nanoparticles. It involves an empirical constant ‘c’, to link the
temperature dependence of effective thermal conductivity to the
Brownian motion of the particles. This can be found by comparing
the calculated value with experimental data, which comes in the
order of 10%. This empirical constant ‘c’ is adjustable and can be
thought as a function of particle properties as well as size [11].

Experiments using Al,Osz-water and CuO-water nanofluid by
Putra et al. [12] and TiO,-water nanofluid by Wen and Ding [13]
show that heat transfer due to natural convection decreases with
increase in nanoparticle concentration in the nanofluid. At low
shear rate the viscosity of nanofluid increases rapidly with the
increase of nanoparticle concentration [14]. For natural convec-
tion the shear rate is low and hence the viscosity is very high.
Recently Santra et al. [15] have numerically shown that with a
non-Newtonian assumption of the nanofluid, the heat transfer due
to natural convection in the square cavity decreases with the in-
crease in solid volume fraction. The results have a good agreement
with the experimental results of Putra et al. [12] and Wen and
Ding [13]. However these simulations require much longer compu-
tational time and memory allocation.

Over the last two and half decade several artificial intelligence
(AI) technique has been utilized in engineering problem solving
procedure with a huge reduction in computational time. Al tech-
niques like expert system (ES), knowledge-based system (KBS) and
intelligent decision support system (IDSS) try to mimic the mental
processes, which take place during the human reasoning. Contrary
to that, another Al technique, popularly known as artificial neu-
ral network (ANN) tries to simulate the neural activities that take
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Nomenclature

a actual output

b predicted output

Cp specificheat............oooiiiiiiiii i, J/kgK

E local error function

Gry Grashof number of fluid, p%gﬂfVTH3/M}

g acceleration due to gravity....................... m/s?

H,L dimensional (m) height and width of cavity

k thermal conductivity .................coovenn.. W/mk

m,n the respective consistency and fluid behavior index pa-
rameter

Nuy local Nusselt number of the heater

Nu average Nusselt number at the heater

p PIESSUTC. ...ttt e et e, N/m?

P dimensionless pressure (p — po)H?/ oot

Pr Prandtl number of fluid, vy /o ¢

Ra Rayleigh number, GrPr

T L3 001 01<) 1= 0§ < PP K

Ty,Tc temperature (K) of the heat source and sink respec-
tively

u,v velocity components in the x and y directions
respectively........oooeiiiiii m/s

u,v dimensionless velocities (U =uH/«, V =vH/«a)
AWS) the incremental changes in the weight values, for tth
iteration between neuron i and j

X,y horizontal and vertical coordinates respectively.... m
X, Y dimensionless horizontal and vertical coordinates re-
spectively (X =x/H, Y =y/H)

Greek symbols

o thermal diffusivity of the fluid................... m?/s

B isobaric expansion coefficient..................... K1

¢ solid volume fraction

n dynamic ViSCOSItY ........c.oveeiineinennnnn.. N's/m?

v kinematic VisCoSIty.........oovverevniineennnnnn. m?/s

0 density of the fluid ...............ccoovinnnnn.. kg/m?3

6 dimensionless temperature (T — To)/(Ty — T¢)

v dimensionless stream function

n factor for change of update values

Afj update value for each weight, between neurons of lay-
ers i and j at the tth instant of time

Subscripts

t tth iteration

eff effective

f fluid

nf nanofluid

0 at reference state

S solid

place in the human brain [16,17]. Different types of ANN have
shown a good potential in solving complex engineering problems.

The standard back propagation ANN techniques has been
adopted for analysis of different parameters in various mechanical
systems like refrigeration system [18], heat transfer [19], inter-
nal combustion engines [20], chemical system [21], etc. This back
propagation ANN techniques is a generalized approach, which has
been derived from the Widrowo Hoff error correction rule [22].

Recently another particular variety of ANN, i.e., resilient prop-
agation (RPROP) has gained focus of the researchers. RPROP was
first introduced by Riedmiller and Braun [23,24]. It is a local
adaptive learning scheme, performing supervised batch learning in
multi-layer perceptions. The basic principle of RPROP is to elimi-
nate the harmful influence of the size of the partial derivative on
the weight step as evident in back propagation technique [23]. In
RPROP, only the sign of the derivative is considered to indicate the
direction of the weight update. The size of the weight change is ex-
clusively determined by a weight-specific, so-called ‘update-value’.
Hence, this algorithm is different from original back propagation
procedure.

In this paper heat transfer due to laminar natural convection of
a non-Newtonian copper-water nanofluid in a differentially heated
square cavity has been predicted using Artificial Neural Network
trained by resilient propagation (RPROP) algorithm for achieving
faster solution without compromising the accuracy level. The sim-
ulated results of heat transfer obtained by the authors [15] have
been used to train the ANN. Training accuracy is measured in
terms of Root Mean Square Error between target output and orig-
inal output. Both the input and output data sets are normalized
for faster convergence. The results obtained by the proposed ANN
based method is compared with the simulated results. It is found
that the convergence characteristic of RPROP algorithm is excellent
to yield fairly comparable and faster (approximately 100 times or
more) results. To the best of the knowledge of the authors, study
of heat transfer augmentation using resilient back propagation al-
gorithm particularly with nanofluid has not been reported so far.

2. Mathematical formulation
2.1. Problem statement

Fig. 1 shows the geometry of the problem. It consists of a two-
dimensional square enclosure of height H and width L. For the
present case H = L has been considered. The temperatures of the
two sidewalls of the cavity are maintained at Ty and T¢. The con-
dition at T¢ is taken to be the reference condition. The top and the
bottom horizontal walls have been considered to be insulated. The
enclosure is filled with a mixture of water and solid spherical cop-
per particles of nanometer size. The nanoparticles are of uniform
shape and size. The nanofluid is assumed to be non-Newtonian,
incompressible and the flow is laminar. The density variation has
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Fig. 1. Geometry of the present problem.
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been incorporated only in the body force term by employing the
Boussinesq approximation.

2.2. Governing equations and boundary conditions

The non-dimensional transport equations for a steady, two-
dimensional flow of a non-Newtonian, fluid are as follows [15];

WLV "
ax Ty
ouU U 9P 22U 92U
Usx Ty b | s | )
aX ' 8Y 90X | pgoasolox? oy
vV v P
U—+V—=——+Grprpr'°f°( —o+ ¢psﬁ5>
Zv v
sl 2T ovz | 3)
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U 39 y 98 kns (PCp)yo [9%60 | 9%6 @
ax oy = kr (0Cpfo 9X2 ' BY2

The apparent viscosity of the nanofluid is

(T2 L (VY
Happ =M\ 73 X Y
@-1)

L 712
axX 9y

The boundary conditions, used to solve Egs. (1) to (4) are as fol-
lows:

(5)

00
U:V:ﬁ:O atY=0,1.0and 0 < X < 1.0, (6a)
=10 and U=V =0 atX=0and0<Y<<1.0, (6b)
=0 and U=V =0 at X=10and 0K Y <1.0. (6¢)

The effective density of the nanofluid at reference temperature is

onfo=1—¢)ps 0+ Ppso (7)
and the heat capacitance of nanofluid is
(PCplns =1 =) (PCp) s+ (pCp)s. (8)

The effective thermal conductivity of nanofluid has been deter-
mined by the model proposed by Patel et al. [11]. For the two-
component entity of spherical-particle suspension the model gives

k k,A A
Zeff _ PEP 4 ckyPe——" (9)
kf kaf kaf
where
A d d
A 4@ and Pe= up—p,
A; dy 1—¢) oy

where u), is the Brownian motion velocity of the particles which
is given by up = (2kyT)/ (7w 5 d3).
The effective thermal conductivity can be obtained from Eq. (9).
Egs. (1) to (4), along with the boundary conditions (6) are
solved numerically. From the converged solutions, Nuy (local Nus-
selt number) and Nu (average Nusselt number) for the hot wall has
been calculated in the following ways:

kegr 06

Nuy = —-—<1 (10)
kf dX 1oy

— 1

Nu:E/Nudeb(:g. (11)

Detail of solution of the governing equations can be obtained from
Ref. [15].

3. Artificial neural network

ANN can be divided into two categories based on learning;
they are supervised and unsupervised ANN. In unsupervised learn-
ing the desired output for input parameters are not specified. In
supervised learning, the desired outputs for each input set are
provided to the network in the training process and the weights
of the network are set on the detail error information obtained
from the input-output set supplied to the network. Thus a neu-
ral network with supervised learning is required for this purpose
[16]. Back-propagation is the first training algorithm to be devised
for supervised learning. This algorithm consists of two phases: the
forward phase where the activations are propagated from the in-
put to the output layer, and the backward phase, where the error
between the observed actual and the requested nominal value in
the output layer is propagated backwards in order to modify the
weights and bias values by various weight-update rules. In case
of simple back-propagation algorithm, the weight update is per-
formed by gradient descent method. Resilient propagation (RPROP)
is a variant form of back-propagation.

3.1. Resilient propagation algorithm (RPROP)

The basic principle of RPROP is developed from Manhattan-
Learning rule with certain modifications [23,24]. The incremental
changes in the weight values, AWi(jt) for a particular iteration is
exclusively determined by Eq. (12) and its update in the next iter-
ation is found by Eq. (13).

—AD.if i(“ >0,

© _
Aw:’ = (t) 9F (t) 12
ij Al] s deU <0, (12)
0, else
and
Wit =w +aw. (13)

Thus RPROP algorithm introduces a personal update value for
each weight, Ag_l) between neurons of layers i and j at the
(t — 1)th instant of time which evolves during the learning process
according to the sight of the local error function E. The gradient

information at ith instant over all patterns of the pattern set (batch
learning) is denoted by a"E © . The second step of RPROP learning
is to determine the new update—values, Ajj(t) depending on the
topology of the error function. This is based on a sign dependent

adaptation process, which works as per Eq. (14).

if 9E (t=1) oE ©

A([ 1)*77, w; *m >0,
) _ (t—1) — 9E (t=1) g (©
Ay = Ay EnT, f(,WU * 5w, <0, (14)
Ag_h, else,

where 0 <~ <1 <n™.

From Eq. (14) it can be concluded that every time the partial
derivative of the corresponding weight W;; changes its sign, it in-
dicates that the last update was too big and the algorithm has
jumped over a local minimum. The update-value Ag) is decreased

by the factor ™ in such case. If the derivative retains its sign, the
update value is slightly increased by the factor ™ in order to ac-
celerate convergence in shallow regions. Additionally, in case of a
change in sign, there should be no adaptation in the succeeding
learning step.

The advantage of this algorithm over back-propagation is that
the magnitude of the partial derivative does not influence weight
update rather it depends only on the sequence of signs of the
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derivative. As a further effect, learning is spread equally all over
the entire network making it a batch learning process thereby ob-
taining faster convergence.

3.2. Normalization of data

Both the input and output data sets are normalized since it
has been found to have significant effects on learning accuracy
and on convergence [25]. Both the inputs and the outputs can
be normalized in three ways; by Maximum (Max), by Maximum-
Minimum (Max-Min) and Mean & Standard Deviation (M&SD)
techniques [25].

Normalization of inputs are done in the following ways

(i) Maximum (Max) method:
The maximum value of the input vector components is deter-
mined first as;

Inpi,max = Max(lnp,-(p)), (15)
where p = number of pattern in the training set and i =
1,2,...,N.

So,

Inpi,nor(p) =I”pi(p)/mpi,max~ (16)

After this the input variable range is within (0, 1).
Maximum-Minimum (Max-Min) method:

In this method, the maximum values of the input vector is de-
termined first using Eq. (15) and the minimum is determined
by

Inpi,min = Min([np,—(p)), (17)
mpi,nor(p) = (Iﬂpi(P) - Inpi.min)/(lnpi,max - Inpi,min)- (18)

After normalization the input variable range is within (0, 1).
(iii) Mean & Standard Deviation (M&SD) method:
In this mean & SD method

(ii

=

mpi,nor(p) . (Iﬂpi(P) - Inpi,av)/ai, (19)

where Inp; ,, = average value of the ith component of the in-
put vector and o; = standard deviation of the ith component
of the input vector.

After normalization the range of the input variable is (—kq, k2),
where ki and k, are real positive integer. If the variables are di-
vided by the maximum of k; and k, then the value will fall within
(—-1,1).

4. Result and discussion
4.1. Training of ANN

The ANN architecture proposed here consists of two input pa-
rameter, the Rayleigh number (Ra) and the solid volume fraction
(¢). The architecture has one output, i.e. the Nusselt number (Nu).
The synaptic weights and thresholds of the neural network are fed
with suitable initial values before the training begins. As a thumb
rule, these matrix elements are initialized in a random manner.
Satisfactory network training can only be achieved by proper ini-
tialization otherwise it may lead to premature saturation of the
network. The training process continues till the desired error limit
is reached. A FORTRAN 77 program is developed in house for train-
ing the ANN using RPROP algorithm.

For this particular problem we have used the values of Nu for
Ra =104, 5x10%, 10°, 5x 10°, 10%, 5 x 10® and 107 and for ¢ = 0.0
to 5% with an increment of 1% to train the ANN. This is shown in
Table 1. Thus total 42 data, which are evenly spread has been used

to train the ANN. These data have been obtained from the results
of simulation by solving Egs. (1) to (4) as stated in [15] for a non-
Newtonian copper-water nanofluid. As there is no general criterion
about deciding the number of nodes in the hidden layers, detailed
studies have been carried out on this selection to get the minimum
root mean square error (RMSE) by trial and error that is unique for
the problem at hand. The RMSE has been calculated as follows:

RMSE = (20)

here, a = actual output, b = predicted output and N = number of
data set.

The guiding criterion of selecting the ANN parameters is to
obtain maximum accuracy with minimum computational time. An-
other 35 data, generated from simulation [15] has been used to
validate the ANN model.

4.2. Effect of ANN parameters

Computation has been carried out for different parameters like
number of hidden layers, number of node in each hidden layer and
the seed value. For each run the number of maximum iteration
was kept fixed at 10000. Other parameters were kept unchanged
while effect of change of one parameter on the accuracy and time
has been studied. The corresponding values of n* and n~ were
chosen as 1.25 and 0.25 respectively based on literature [25], while
value of the initial update of A determining the first weight step
was considered as 1.0 with the upper bound Apax being set to 50.
Maximum allowable RMSE value of the output was considered as
0.001.

4.3. Effect of number of hidden layers, nodes and seed

The objective of the work is to reduce the time needed to cal-
culate the heat transfer due to natural convection in a differentially
heated square cavity using copper-water nanofluid with maximum
accuracy. To achieve this, different number of hidden layers have
been considered first. Study has been conducted with single, dou-
ble and triple hidden layers. In each case the number of connecting
nodes has been varied for a wide range to achieve the minimum
RMSE of the output.

For single hidden layer the number of nodes in the hidden
layer has been changed from 3 to 150, keeping the seed value
fixed at 600. It was observed that with 39 nodes the error is
3.495051 x 103 while with 62 nodes it is minimum with a value
of 3.251264 x 1073, Keeping the number of nodes fixed, seed value
was changed from 550 to 700 for each case. It has been found that
with 62 nodes the seed value of 629 gave the minimum RMSE of
2.825723 x 103 after 6615 iterations.

Study with two hidden layers was conducted thereafter varying
the nodes of 1st hidden layer (2nd layer) from 3 to 20. For each 1st
hidden layer node, the number of nodes of the 2nd hidden layer
(3rd layer) has been varied from 3 to 20. Thus total 18 x 18 cases
were studied in this case. It is found that with 18 and 10 numbers
of nodes in the 2nd and 3rd layer respectively minimum RMSE of
2.352144 x 10~3 was obtained. The seed has been varied from 550
to 700 for these cases. It is found that the minimum RMSE has
occurred at a seed value of 593 after 7009 iterations. The RSME in
this case has been found to be 1.908166 x 10~3.

Studies with three hidden layers (Fig. 2) were performed by
varying the number nodes of each hidden layers from 3 to 15
keeping the number of nodes in the other layers fixed. A total of
13 x 13 x 13 cases were considered in this way. This study gave the
minimum RMSE at 7, 15, 13 nodes for 1st, 2nd and 3rd hidden lay-
ers respectively at a seed value 600 after 2741 iteration. The value
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Table 1 -
The input-outputs for training of ANN where average Nusselt number (Nu) is the output and Rayleigh number (Ra) and solid volume fraction (¢) are inputs.
Rayleigh number Solid volume fraction (%)
0.0 1.0 2.0 3.0 4.0 5.0
10* 2.275919 1.756689 1.601959 1.557881 1.513893 1.529431
5 x 10* 3.812990 3.117534 2.653109 2.237802 2.024590 1.947975
10° 4.719077 3.872105 3.504562 2.926546 2.642346 2.278577
5 x 10° 7.568457 6.412295 5.898260 5.153570 4.103301 2.962430
10° 9.209099 7.875953 7.317188 6.455490 5.548390 4.012743
5 x 10° 14.330710 12.478585 11.767651 10.660579 9.663851 7.469041
107 17.260213 15.121829 14.336667 13.088992 11.987680 10.649040
Wik

Output

Layer

Layer (1 node)
(2 nodes)

Hidden Hidden Hidden

Layer 1 Layer 2 Layer 3

(7 nodes) (15 nodes) (13 nodes)

Fig. 2. Schematic diagram of the Artificial Neural Network.
Table 2

Time needed for training.

No. of No. of node  Seed No. of CPU time RMSE

hidden in hidden value iterations (in sec)

layers layers

Single 39 600 5082 1.5 3.495051 x 103
Single 62 629 6615 17.7 2.825723 x 103
Double 8, 10 593 7009 16.8 1.908166 x 10~3.
Triple 7,15, 13 600 2741 7.8 9.95174 x 10~

of RMSE value was found to be 9.95174 x 1074, It is observed that
the RMSE value for this case is less than the maximum allowable
RMSE value that was considered to be 0.001.

Since the main objective of the model is to get maximum ac-
curacy with minimum possible time, the RMSE and the CPU time
for each of the three cases has been observed. The detail of the
result has been presented in Table 2. Table 2 shows that though
the three hidden layer has maximum number of weights, it gives
the most accurate result (minimum RMSE) much quicker than the
other cases as the number of iterations are less. As the RMSE value
is minimum, the case of three hidden layers with 7, 15, 13 nodes
have been chosen for training. It is to be noted that the litera-
tures available on ANN study using Back Propagation algorithm
for mechanical systems either used single hidden layer or some-
times double hidden layer [18,21] for acceptable results. But for
the present case, ANN architecture with three hidden layers gave
the best result in terms of both accuracy and time.

It has already been stated that normalization of input and out-
put can be done with three ways. Hence altogether nine combina-
tions are possible. To observe the effect of normalization on RMSE,
all the possibilities of the normalization have been checked and
shown in Table 3. This study has been conducted for three hid-
den layers with 7, 15, 13 nodes in the hidden layers and value of
seed have been kept at 600. All the other parameters like initial
threshold, n* and n~ were kept constant. It has been observed
from Table 3 that, normalization by Maximum (Max) for both the
inputs and the outputs has been found to provide the best result,
as RMSE is minimum (9.95174 x 10~4) for that case.

Table 3
Effect of different kind of normalization for input and output parameters for triple
hidden layer configuration.

Input Output No. of iterations Minimum RMSE
Maximum Maximum 2741 9.95174 x 10~

Maximum Mean and S.D 5576 1.03663 x 10~2

Maximum Max-Min 9960 1.015341 x 102
Mean and S.D Maximum 9998 8.000772 x 10~3
Mean and S.D Mean and S.D 9997 2.627066 x 102
Mean and S.D Max-Min 9998 2.611023 x 102
Max-Min Maximum 9997 5.024211 x 10—3
Max-Min Mean and S.D 3314 1.420429 x 102
Max-Min Max-Min 3430 1.422882 x 102

After training, the average Nusselt number Nu was obtained
from the same RPROP ANN structure for Ra = 10%, 5 x 10%, 10°,
5 x 10°, 105, 5 x 105 and 107 and for ¢ = 0.5% to 4.5% with an
increment of 1%. The results obtained from the ANN have been
compared with the result obtained from the simulation [15], which
has been shown in Fig. 3. It is evident from Fig. 3 that the values
obtained from the ANN model matches well with the values ob-
tained from the simulation. Some deviation has been observed at
higher Rayleigh number. But this deviation has been observed near
the boundaries of the training data, which is a common feature for
any ANN architecture.

Once the RPROP based ANN is trained and its connection
weights are assigned then data generation is pretty fast. Test
data results reveal that the convergence characteristics of the new
method are excellent thus it can be concluded that the training
algorithm for the RPROP ANN is quite efficient. The new data gen-
eration is quite faster (8 to 10 seconds for ANN and 25-30 min for
simulation) compared to the conventional methods as measured
by the CPU time requirements. The Mean Relative Error (MRE) has
been found to be 2.54% while standard deviation in the relative
error (STDR) is 2.46% and BIAS has been found to be 1.1%. Here

N
1
BIAS = Z AA, (21)
i=1
1 N
MRE = > "ABS(AA), and (22)

i=1

YN (AA—AA)2

STDg =
R N-1

(23)
are calculated based on equations given by Sablani et al. [26].
5. Algorithm of obtaining optimum nodes in the hidden layers

As stated earlier that for each study the number of maximum
iteration was kept fixed at 10000. The corresponding values of n*
and n~ were chosen as 1.25 and 0.25, while value of the initial up-
date of A determining the first weight step was considered as 1.0
with the upper bound Apax being set to 50. Maximum allowable
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Average Nusselt Number (Hot Wall)

(
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(

(
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(
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(

(

(

(

(

(

8.0

\ —o—Ra=5.0E05(ANN
6.0 \-‘\;\ Aaﬂ OE00(SIm)
4.0 —o—Ra=1.0E06(ANN
—=— Ra=5.0E06(Sim)

2.0 5 4
8 —4— Ra=5.0E06(ANN
0.0 " - - - - —— Ea:1 .0EO07(Sim)

0.005 0.010 0.015 0.020 0.025 0.030 0.035 0.040 0.045

Solid Volume Fraction

Fig. 3. Comparison of average Nusselt number for different solid volume fraction for different Rayleigh number. Sim - result of simulation, ANN - predicted value from the

present ANN model.

Table 4

The input-outputs for training of ANN where average Nusselt number (Nu) is the output and Rayleigh number (Ra) and solid volume fraction (¢) are inputs for the second

set of study.

Solid volume

Rayleigh number

fraction 104 5.0 x 104 108 5.0 x 105 108 5.0 x 106 107
0.000 2.276 3.813 4719 7.568 9.209 14.331 17.260
0.005 1.875 3.253 = = 8.088 12.737 15.401
0.010 1.757 = 3.872 6.412 = 12.479

0.015 - 2.892 - 6.173 - 12.151 14.762
0.020 = 2.653 = 5.898 = = =
0.025 1.575 = 3.249 = 6.951 = =
0.030 1.558 - - - 6.455 10.661 -
0.035 1.509 2.026 = 4.795 = = 12.511
0.040 = = 2.642 = = = 11.988
0.045 = 1.956 2.514 = 4535 8.283 11.501
0.050 1.529 1.948 2.279 2.962 4.013 7.469 10.649

RMSE value of the output was considered as 0.001. Initially seed
value was fixed at 600.
The steps are follows

1. For single hidden layer the number of nodes in the hidden
layer was varied from 3 to 150.

2. For double hidden layers, the number of nodes in the hidden
layer was varied from 3 to 20. Thus 18 x 18 combinations was
studied.

3. For triple hidden layers, the number of nodes in the hidden
layer was varied from 3 to 15. Thus 13 x 13 x 13 combination
was studied.

4. Out of the above three studies the minimum RMSE (< 0.001)
was obtained with triple hidden layer with 7, 15, 13 nodes in
the hidden layers.

5. Keeping these nodes fixed, seed value was varied from 551 to
700. Minimum RMSE was obtained at 600.

6. Keeping the seed value and number of hidden layers fixed the
different normalization technique of input and output data has
been studied.

6. Study with random data set

In the previous study the data chosen for the training was in
a regular order. In the present case the data has been taken ran-
domly within the simulation range. Forty-six (46) data has been
taken for training, while another 31 data has been used to check
the accuracy of the ANN. The input data has been listed in Table 4.

Like the previous study the ANN has been trained with singe hid-
den layer, double hidden layer and triple hidden layer. Number of
nodes in the input and output layer were kept at two and one
respectively. Only number of nodes in the hidden layers has been
varied to obtain minimum RMSE. With single hidden layer the min-
imum RMSE has been obtained at 35 nodes, the value of which is
0.003. With double hidden layer, minimum RMSE is obtained with
25 and 23 nodes in the 1st and 2nd hidden layer respectively. The
value of minimum RMSE is 0.00138. With three hidden layers the
minimum RMSE (0.00211) is obtained at 2, 6, 20 nodes in the first,
second and the third layer respectively. For the above study the
seed value was kept at 600 and the other parameters are kept
same as our previous study.

Hence it is obtained that the minimum RMSE occurs with two
hidden layer with 25 and 23 nodes. Now keeping the number of
nodes and other parameters fixed, the seed value was changed
from 501 to 750 and observed that minimum RMSE is obtained
at 600.

The result obtained from the ANN and the simulation of the
31 data has been compared. The comparison has been shown in
Fig. 4. The Mean Relative Error (MRE) has been found to be 2.485%
while standard deviation in the relative error (STDg) is 1.952% and
BIAS has been found to be —0.2%.

7. Conclusion

Heat transfer due to laminar natural convection of copper-
water nanofluid in a differentially heated square cavity, has been
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Fig. 4. Comparison of average Nusselt number for different solid volume fraction for different Rayleigh number for random input-output training. Sim - result of simulation,

ANN - predicted value from the present ANN model.

predicted by Artificial Neural Network (ANN). The ANN has been
trained by a resilient-propagation (RPROP) algorithm with three
hidden layers. The ANN has been trained with different Rayleigh
number (Ra) and solid volume fraction (¢) as input while average
Nusselt number (Nu) is considered as output. The required input
and output data to train the ANN has been taken from the re-
sults of numerical simulation that was performed earlier by the
authors [15] where the transport equations for natural convection
of non-Newtonian copper-water nanofluid has been solved numer-
ically using finite volume approach using SIMPLER algorithm. The
ANN has been trained with data for Ra = 104, 5 x 104, 10°, 5 x 10°,
10%, 5 x 10% and 107 and for ¢ = 0.0 to 5% with an increment of
1%. Results has been calculated for Ra = 104, 5 x 104, 10°, 5 x 10°,
10%, 5x 106 and 107 and for ¢ = 0.5% to 4.5% with an increment of
1%. Results from simulation as well as ANN for other inputs within
the given range of training data have been compared. It has been
observed that the ANN predicts the heat transfer correctly within
the given range of data. The Mean Relative Error (MRE) and the
standard deviation in the relative error (STDR) have been observed
to be 2.54 and 2.46% respectively.

Another set of data containing 46 inputs and outputs within
the simulation range has been taken randomly to train the ANN.
The remaining 31 input has been used to compare the result of
simulation to that of ANN. It is observed that ANN trained with
random data also can predict the heat transfer very well. The Mean
Relative Error (MRE) has been found to be 2.485% while standard
deviation in the relative error (STDR) is 1.952% and BIAS has been
found to be 0.2%.

This RPROP based ANN predicts quite accurately the heat trans-
fer in a differentially heated square cavity using copper-water
nanofluid within the training range. The ANN can be extended for
different kind of nanofluids. Thus before carrying out the experi-
ment researchers can obtain an idea of heat transfer enhancement
very quickly. The RPROP based ANN provides result within 8 sec-
onds while simulation take about 20 to 30 minutes depending on
the parameters. This is a very quick and efficient tool to predict
the heat transfer than simulation within the trained boundary.
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