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Abstract

The present paper represents an experimental and theoretical study of the characteristics of natural convection and radiation
heat transfer from a solid cylindrical rod inside a closed vessel under vacuum conditions. The effect of vacuum pressure on
the heat transfer rates from the heating element by convection and radiation is clarified. The experimental results are used
for Artificial Neural Network (ANN) training which is employed in the Adaptive Neuro Fuzzy Inference System (ANFIS)
scheme to predict the heat transfer characteristics. The heat transfer predictions are performed for the solid rod under numer-
ous heat fluxes for each vacuum pressure and the computed outcomes are compared with that predicted from the ANFIS.
Outcomes indicated that for a constant heat flux, the convection heat transfer decrease with the reduction in pressure inside
the vessel, while the radiation heat transfer will increase. Three methods of ANFIS are deemed in this work; grid partition,
subtractive clustering and fuzzy C-mean clustering (FCM). However, the three methods appear an adequate fitting with
the experimental data due to the high ability of these schemes at formulating input-output relations. A comparison with
conventional correlation for the Nusselt number (Nu) has been implemented which proved the effectiveness and robustness
of artificial intelligence in the generation of a direct relation between the effective parameters and the objective functions.
Also, the main factors of ANFIS such as the number of membership functions (MFs), the number of clusters and the radius
of clusters have been optimized to reach best performance.
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Introduction

Free convective transfer of heat from a horizontal cylinder
is used in countless industrial applications, including
boilers, heat exchangers, and systems of air-conditioning.
This subject encounter great interest from several
researchers who investigated it numerically and experi-
mentally utilizing various cylinder configurations under
numerous conditions and proposed for that many several
correlations. Ashjaee et al. [1] and Hayati et al. [2]
adopted the ANN to evaluate laminar free convection heat
transfer coefficient from an isothermal horizontal cylinder
of elliptical cross-section located between two adiabatic
walls. The input parameters are based on their experimen-
tal work such as tube axis ratio, wall spacing and Rayleigh
number (Ra), while the mean Nusselt number (Nu,) is
deemed as the output parameter. Their results noted that
the values of the predicted Nu,,, with the ANN method are
in very good agreement with their experimental data.
Atayilmaz and Teke [3] and Atayilmaz [4] did numerical
and experimental investigations for the natural convection
from a horizontal cylinder heated with a heat flux under
numerous environmental temperatures. They utilized
ANSYS FLUENT code which adopts the finite volume
technique in their numerical simulations. They proposed
a correlation for the Nu,, over the cylinder based on the
experimental data. Their findings clarified that Nu
increase with increasing Ra, also they noted that the
obtained temperature distributions from numerical simu-
lations were very close to the experimental data.
Atayilmaz et al. [5] developed a generalized neural net-
work model to analyze the transfer of heat from horizontal
cylinder by natural convection. They utilized the three-
layer network for the computations and selected the input
parameters as: diameter of cylinder, ambient and cylinder
surface temperatures. The objective factor of that study
was the Nusselt number (Nu). It can be observed that with
a mean relative error of about 2.5%, the trained network
provided very best results as compared with that obtained
from the correlations. A comparison was implemented
between the neural results and correlation results for the
Nu,, on the whole cylinder which had appeared in a rea-
sonable agreement. The ANN models considered by
Amiri et al. [6] were used to portend natural convection
from horizontal arrays of isothermal cylinders arranged
vertically and obliquely. They looked at how the average
heat transmission from the arrays was affected by the
ratios of vertical and horizontal separations’ spacing to
the cylinder diameter, and Ra. In order to train the ANN,
they used the Levenberg-Marquardt back propagation
algorithm (LMA). They found that the training and test
data had mean relative errors of 0.027% and 0.482%,

accordingly, which shows a good consistency between the
experimental and predicted results. Tahavvor and Yag-
houbi [7] employed ANN to predict the free convective
transfer of heat from a column of cold horizontal circular
cylinders with monotonic surface temperature. In order to
depict the conduct of flow and temperature fields, they
developed the Multi-Layer Perceptron (MLP) network,
and then broad this behavior to forecast the fields of tem-
perature and flow regardless of Ra value. They stated that
the resilient back-propagation algorithm is the best algo-
rithm concerning the faster training method. Saravanaku-
mar et al. [8] applied the ANN to predict the outlet air
collector temperature in a solar air heating system
(SAHS). Their study focused on determining the act of
ANN procedure. They made a comparison between the
evaluated and experimental outcomes and clarified that
the suggested ANN model is a suitable method for SAHS
parameters with acceptable tolerance. Kayaci et al. [9]
employed the ANN to determine the physical properties
of TiO, nanofluids flowing through several micro-fin
tubes. They validated their study with a numerical simula-
tion via ANSYS CFD code. Their finding showed that the
heat transfer coefficient was slightly augmented by
enlarging the nanofluid particles’ loading and the CFD
code represents a beneficial tool that compensates for the
need for experiments. Zainuddin et al. [10] examined the
impact of radiation on free convection on a fixed heated
horizontal cylinder immersed in a stationary fluid. They
implemented the finite difference method to solve the
governing equations. They deemed the influence of sev-
eral parameters on the temperature and velocity profiles
such as radiation parameter, heat production parameter
and the Prandtl number. Their findings indicate that
increasing the radiation parameter results in an increase
in the velocity and temperature profiles, as well as local
heat transfer rate and the coefficient of local skin friction.
A horizontal heated cylinder with and without confining
was inspected by Sebastian and Shine [11] for laminar
natural convective flow. They adopted the finite volume
formulation in the computations and verify the obtained
results with experimental data. For a scope of Ra, aspect
ratio, and distance between the confinement and the cyl-
inder, the bottom and top sides of the considered structure
were studied to determine the effect of confinement. They
clarified that at the above surface, the increment in Nu
mainly relies upon the region of the taken side. Dey et al.
[12, 13] and Das and Dey [14] examined force convective
transient flow passing square and circular cylinders. They
deemed the square cylinder has rounded corner edges,
while there was a copper-water nanofluid flowing over
the circular cylinder. They adopted both the ANN and
gene expression programming (GEP) to evaluate the heat
transmission and flow features. They utilized the
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numerical data obtained from ANSYS FLUENT to train
the ANN and GEP models. They observed that the mixed
convective flow features are predicted properly and cor-
rectly by utilizing the back-propagation ANN and GEP,
also they elucidated that the data obtained from these
schemes are faster that obtained from the regular CFD
approach. Kamble [15] examined the heat transmission
from horizontal tube bundles inundated in a gas fluidized
bed of large particles utilizing ANN. They took into
account the impact of numerous parameters in the ANN
modeling. They utilized both feed-forward network with
back propagation structure in the Levenberg—Marquardt’s
learning rule in the ANN approach. Their findings were
in good accordance with both that obtained from experi-
ments and data from correlations. Ricardo et al. [16]
adopted ANN to analyse the convective heat transmission
amount caused due to the evaporation of a refrigerant
flowing within tubes of tiny diameter. They employed
numerous ANN configurations for training and selected
the more precise one for thermal behavior. Their finding
revealed the ability of ANN as a precise prediction tool
for estimating the convective heat transmission amount.
Ghahdarijani et al. [17] experimentally explored the nano-
fluids impact on the cooling performance and pressure
drop of a jacked reactor by utilizing two distinct coolants
nanofluids. Their experimental outcomes are imple-
mented for ANN training and testing. Their study indi-
cated a reasonable agreement between the experimental
outcomes and that evaluated from the ANN algorithms.
In their experiment, Bhowmik et al. [18] investigated the
steady-state and transient heat transfers from a horizontal
cylinder installed in a vertical circular duct under numer-
ous Ra values and heat fluxes. They found that steady-
state results matched positively with the obtainable out-
comes in the literature. Besides, they found that the
location of thermocouples affects the transfer of heat
around the cylinder in a significant way. Bagheri et al.
[19] analysed transportation of free convective energy in
a C-shaped slanted compartment filled with a hybrid
nanofluid and undergoing magnetic field and thermal
flux. They implemented the finite element method and the
ANN coupled with particles swarm optimization algo-
rithm (PSO). They found ANN optimized by PSO algo-
rithm to be more accurate at predicting the Nu than ANN
alone. Abdelatief [20] evaluated the effect of free convec-
tion on a tube of an elliptical outer surface with multiple
tilt angles and fluxes of heat, based on ANN and 3D
ANSYS numerical computations. For identifying the
appropriate ANN size, they used the Bayesian regulariza-
tion algorithm as a backpropagation technique (BPT)
approach. They correlated the experimental data and com-
pare it with the ANN data output and showed a maximum
deviation of +£13%. Recently, Parrales et al. [21] have

been employed ANN to determine coefficients of heat
transfer in every segment of a vertical double-pipe evapo-
rator with helical section. Based on two ANN procedures,
they suggested two empirical correlations for the Nu.
They obtained each ANN model from the experimental
outcomes, and in both ANN models they selected the
LMA to determine the optimal magnitudes of the biases
and weight. Their outcomes revealed the appropriateness
of the ANN to determine Nu accurately. More recent pub-
lished papers on ANN for radiative and convective heat
transmission can be found in references [22-27].

To the best of the authors’ knowledge, it is obvious
from the above literature that there is no work in applying
ANFIS for analyzing the free convection on a solid body
under vacuum conditions. Hence, the present paper aims
to experimentally investigate the characteristics of natural
convection heat transfer from a solid cylindrical rod inside a
vessel under vacuum conditions. The effect of vacuum pres-
sure on the heat transfer rates from the heating element by
convection and radiation is clarified. Also, the experimental
results are utilized for ANFIS training which is employed to
predict the problem heat transfer characteristics. The heat
transmission predictions are performed for the solid rod
under numerous heat fluxes for each vacuum pressure and
the computed results are compared with that predicted from
the ANFIS.

Experimental Apparatus

In the present study, an experimental apparatus consists
of a pressure vessel containing a small heated element
with a diameter (d=6.15 mm) and length (L =160 mm)
suspended in the center. A thermocouple is fastened to the
surface of the heater to quantity the temperature. Addi-
tionally, the vessel’s interior is black, and it has a thermo-
couple mounted on its walls for measuring its tempera-
ture. Compressed air up to 1 bar (gauge) may be pumped
into the vessel, or it can be emptied down to roughly 5 Pa
(absolute). Data acquired can be extrapolated down to
a complete vacuum (no convection), allowing the radi-
ation-only transfer of heat to be isolated. Temperatures,
pressures, and power supplied to the element are meas-
ured and displayed with instruments and a digital display.
There are two pressure transducers on the apparatus, one
for measuring pressures above atmospheric pressure and
the other for measuring pressures below atmospheric
pressure, which allow precise pressure and vacuum meas-
urements. There is also a vacuum pump and a regulator
to provide compressed air externally (up to 10 bar). The
system contains a pressure relief valve, a photograph and
schematic for the experimental apparatus are shown in
Fig. 1a and Fig. 1b respectively.

W
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Fig. 1 a) Photograph for the
testing apparatus, b) Schematic
for the testing experimental
apparatus
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Heat Transfer Calculations

The relations of the heat transfer characteristics for the cylin-
drical heated rod are described. The total supplied energy to
the bar can be evaluated as:

Qg = 0.961V (1)

The value 0.96 represents the factor of power which equal
to the cosine of the phase angle between the voltage and the
current. The total heat transmitted from the bar to the sur-
rounding can be expressed as:

0=0,+0, 2)

(b)

in which the heat transferred by convection from the bar to
the air is given as:

Qc = hAs(Ts - Ta) (3)

while the heat transferred by radiation from the bar is given
as:

0, = oAe (T}~ T;) @)

Where o is the Stephan-Boltzmann constant which is
taken as (6 =5.67x 1078 W m~? K™*) and ¢ is the emis-
sivity which is taken as (€ =0.95) [28]. Because the total
supplied energy from the bar is the same as the total heat
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transferred from the bar, then Q = Qg, and by substituting
Egs. (3—4) into Eq. (2) and solving for the overall coef-
ficient of heat transfer (h), the following relation will be
obtained:

(%) - oelmy-1)]
(Ts - Ta)

Consequently, the Nusselt number relation for natural
convection and radiation can be obtained as below:

h= &)

hd
Nu=—
u== (©)

The Grashof number (Gr) is a non-dimensional number in
fluid dynamics and transfer of heat which relates the buoy-
ancy force to the viscous force that exerts on a fluid. For air
the Grashoff number (Gr) can be predicted from the follow-
ing relation:

2 13
Gr = P804 gef d %)
H
where 6, is the temperature difference between the bar sur-
face temperature (T,) and air temperature (T,) which it is
stated as below:

0,=(T,-T,) 8)

The thermo-physical properties of air in Eq. (7) are cal-
culated at the mean temperature (7,,=(7T,+T,)/2), which are
stated as follows:

jo L, P
~7 ' PTRT, ®)

where R is the gas constant for air which it taken as
(R=2871] kg_1 K~!), while the Prandtl number for air is
estimated as:

_ HCr
k

Pr (10)

Experimental Procedure

The experimental procedure was done by recording the
vacuum pressure inside the vessel, and then the power
input to the heating element rod is calculated from Eq.
(1). After the steady-state period is achieved, the meas-
urements of the heating element rod surface tempera-
ture (T,) and the temperature of the air inside the vessel
(T,) are recorded. Twenty experiments are performed,

in which four different pressures inside the vessel are
used and for each pressure five different values for power
input to the heating rod are used. For each experiment,
the pressure inside the vessel and the temperature of the
heating rod surface and the air temperature inside the
vessel are recorded. The mean temperature of the air
inside the vessel (T,,) is calculated, and the properties
of the air are evaluated at the mean temperature. The
total heat input to the heating rod and the heat trans-
ferred by radiation are calculated using Eqs. (1) and (4),
respectively. The heat transferred by convection from the
bar to the air and the overall heat transfer coefficient
are calculated using Egs. (3) and (5), respectively. Then
Nusselt number, Grashof number and Prandtl number
are calculated using Eqs. (6, 7 and 10) respectively. The
same procedure of calculations is performed for the rest
of the experiments. The data obtained from the calcula-
tions from all experiments are used for the Neural-Fuzzy
model to predict the characteristics of the natural con-
vective transfer of heat. A correlation for the empirical
Nusselt (Nug,,) for the natural convection from the hot
rod surface is obtained as follows:

Nu,,, = 0.27(Gr.Pr)"* (11)

The scope of Grashof number utilized in Eq. (11)
is (200 < Gr<2100), while Prandtl number scope
(0.703 <Pr<0.705).

Neuro-Fuzzy Formulation

There are many strategies that treat the combination
of fuzzy logic with a neural network. In this study, the
Adaptive Neuro—Fuzzy Inference System (ANFIS) will
be used which was implemented by Jang [29] and it was
functionally equivalent to the fuzzy inference mechanism
produced by Sugeno [30]. This method may be explained
with the following numerical example of two rules as
shown in Fig. 2.
Rule 1: if x in A| domain and y in B; domain then

y=ax+by+r (12)
Rule 2: if x in A, domain and y in B, domain then
Hp=ax+by+n (13)

In this study, four inputs are considered (T, T, Q,and P)
and the object output is Nu. The rules for the present study
can be written as:

Rule 1: if T, in A; domain, T, in B, domain, Q in C,
domain and P in D, domain then
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Fig.2 Sugeno’s inference
mechanism [30]
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domain and P in D, domain then
2 =a T +b,T,+c,0+d,P+r, (15)

Rule 3: if T, in A; domain, T, in B; domain, Q in C;
domain and P in D; domain then

Fig.3 General representation
of ANFIS
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In order to explain the methodology of the used tech-
nique, four rules and four linguistic values have been con-
sidered for every input. In the first layer, the signals of inputs
are converted to degrees of memberships as shown in the
Eq. (18).

s

Ai(Ts) = e(%]((Tg—a“)/b“)Z)
B,(T,) = e(_Tl((Ta—aiz)/biz)z)
C(0) = e(%((Q—ais)/biS)Z)’

(Z((P-as)/bs)’)

)

18

D(P)=¢e

The power of any rule is evaluated in the second layer of
the ANFIS representation as it explained in Eqgs. (19-22).

a; =A,(T,) x B\ (T,) x C,(Q) x D,(P)

19

=A,(T,) AB,(T,)AC,(Q)A D,(P) (19)

@, = A, (T,) X By(T,) X C,(Q) X D,(P) 20

= A,(T,) AB,(T,) AC,(Q) AD,(P) (20)

a3 = A;(T,) X B5(T,) x C5(Q) X D3(P) o
= A5(T,) ABy(T,) AC5(Q) AD;(P)
ay = A4(T,) X By(T,) X C4(Q) X Dy(P)

(22)

= Ay(T,) AB,(T,) AC4(Q) AD,(P)

Then, the values of the rules’ strength are normalized as
they appear in Eqs. (23-26).

P o ot 23)

P2 = o ot 24)
O3

3= ——— 25)

P oot (26)
The product of the normalized firing level and the individual
rule output any rule can be arranges as shown in Egs. (27-30).

0121 =9 (a;T, + b, T, +c,Q+d\P+r) 27)
012 = Py (ay Ty + byT, + ;0 + dyP + 1)) (28)
P33 =@3(“3Ts+b3Ta+53Q+d3P+”3) (29)

0424 = 4(ayT, + by T, + ,Q + dyP +1y) (30)

Finally, a single node in the fifth layer computes the over-
all system output (Nu) from the following relation:

Nu = @,z) + 9,25, 9323 + 9424 31

Results and Discussion

The results of natural convection under vacuum conditions
for a solid rod have been implemented with the four vacuum
pressures P=50.6, 60.6, 71.8, and 100.2 kPa, and a set of
surface temperature (T,) and ambient temperature (T,) for
each P value.

Fig. 4 shows the variation of Nu with Q at different pres-
sures inside the vessel. From the figures, for constant pres-
sure inside the vessel, Nu increases with increasing Q. This
increment in Nu owing to increasing the buoyancy force
which is resulted from increasing the surface temperature
of the heating element. The percentage increase of Nu
at P=100.2 kPa is 5.87% within the scope of heat input
variation.

Likewise, the figure exhibit that Nu decrease with
decreasing the pressure inside the vessel owing to the
lessen in the air mass inside which means reducing the
convection heat transfer rate inside the vessel. The per-
centage reduction between the highest and lowest pres-
sures in Nu at Q=5 W is 42.2% for the pressure variation
range inside the vessel.

Fig. 5 shows the variation of Q, with Q at all studied
pressures. The figure shows that the rate of Q, increases with
increasing Q due to the increase in the surface temperature
of the heating element. The percentage increase in Q, at
P=100.2 kPa is 152.82% within the scope of heat input
variation. Also, the rate of Q, ascends with decreasing the
pressure inside the vessel due to a decrease in the convec-
tion heat transfer rate which is resulted from a reduction in
the air quantity inside the vessel. The percentage ascend
in radiation heat transmission rate between the highest and
lowest pressures at Q=11 W is determined as 21% within
the pressure variation range inside the vessel.

Four significant factors are considered as inputs to pre-
dict the complex and important states of Nu (output) in the
heat convection case study. These factors are Q (inputl), T
(input2), T, (input3) and P (input4). There is no direct rela-
tion which related these inputs with the desired output there-
fore a most powerful intelligent technique named adapted
neuro fuzzy inference system (ANFIS) is used in this investi-
gation. This technique makes an effective combination of the
ability to control fuzzy logic with the capability of prediction
in the neural network. This method depends on the Sugeno

W
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——f—— P=100.2 kPa

8
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Fig.4 Q vs. Nu at various pressures

inference system. The membership functions of the output
in Sugeno may be considered linear or constant. While the
inputs can be represented with any suitable function such
as Gaussian, Triangular, Z-shaped, Trapezoidal, etc. How-
ever, in this study Gaussian membership function has been
used and linear type is handled. This fact tends the output
of ANFIS to adapt with linear behavior in the output space
according to the variation of inputs. The linear dependency of
the rules on the main parameters of the inputs makes ANFIS
very acceptable for use as interpolating manipulator which
can produce a linear behavior at different states of nonlinear
models. This advantage of Sugeno has appeared a high effi-
ciency in interpolating the magnitudes of Nu although the
nonlinear behavior in some parts of device operation.

Three methods of ANFIS are used with the best optimiza-
tion for their parameters. The first method has an ability of
producing an inference engine of fuzzy system based on the
division of the domain of fuzzy sets. It shows an acceptable
result as shown in Fig. 6 where the fitting between the output
of ANFIS and the experimental data can be noticed clearly

28
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Fig.5 Q vs. Q, at various pressures

&

in all testing samples. These results have been obtained after
a hard training and the best selection of the type and num-
ber of memberships as shown in Figs. 7 and 8. In this type
of ANFIS, two Gaussian memberships are considered and
40% testing samples with 60% training samples are cho-
sen. However, these two memberships which are named as
MFland MF2 should include the whole range of the four
inputs with normalized degree and main form parameters
of magnitudes estimated based on the prediction strategies.
Any membership contains a set of events or data which are
collected with each other in some special properties which
must not be found in the other groups of fuzzy sets. The
initial step size is taken as 0.3 and according to the behavior
of error, it is increased by multiplying it with a constant
number of 1.5 while no decrease in the step size has been
applied in this test due to the nature of testing data. The
hard profile of Gaussian membership functions of inputl is
changed after training to a smooth curve with a reduction of
the degree of memberships from a range of [0—1] to another
range of [0.5-1] which appears an adequate behavior with
the variation of this input. In the same manner, the degree of
membership for the input2 is changed after training to a new
range of [0-0.5]. Also, for input3, the degree of membership
is changed for the first membership to a range of [0-0.5] and
the other to a range of [0.5-1]. However, this modification
of the mathematical form of memberships is implemented
by using some learning strategies which have high ability
for estimating membership function parameters which are
included with artificial neural network that is considered
in ANFIS operation. Finally, with the input4, this degree is
modified to a range of [0.5-1]. It can be concluded that the
best selection of the main parameters of membership func-
tions at using this adaptive technique is implemented due to
the great ability of this method to represent the information
in computerize device. That capability in treatment the train
and test data has gave accurate interpolation through the
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erratic nature of some experimental samples. The presented
method had appeared as a compact technique as shown in
Fig. 6, even if the variation of T, T,, Q and P was taken as
complex and difficult manners.

In some applications of experimental data analyses, there
is no clear opinion about the nature of these data. This fact
means that estimating the number of membership functions
that may classify the behavior of the operating system or a

-0.5 0 0.5
MFs for input4 after train

0.5

plant model is very useful and effective. So, a very power-
ful method depending on the subtractive clustering method
is used in this study which can generate a number of clus-
ters by estimating a suitable radius based on the differences
between the selected centers and the given points of data.
However, the selection of a small radius may lead to a large
number of membership functions and then a large rule will
be generated. Moreover, a great value of radius will lead to a
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small number of membership functions and a small number
of rules. In the present study, an optimization was imple-
mented to reach the optimum value of the radius of clusters
which is equal to 0.9.

This magnitude of radius had produced seven member-
ships (MF1, MF2, MF3, MF4, MF5, MF6 and MF7) for
each input as shown in Fig. 9 (for Q and T,) and Fig. 10 (for
T, and P). These memberships were trained by employing
neural network technique in order to obtain the best formu-
lation with suitable grade of memberships. This number of

&

MFs for input4 after train

memberships is very difficult to be used by grid partition
method because of the large number of rules that needed
with this method. Therefore, subtractive clustering has pro-
duced an acceptable strategy of calculating Nu and applies
the best role to reach an adequate behavior as it appears at
the good agreement of the ANFIS output with the identical
samples of the experimental set as portrayed in Fig. 11.
The absence of the idea about the number of member-
ship functions and the nature of the data in each group of
information led to consider a very effective method in this
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Fig. 11 Nu predicted by ANFIS subtractive clustering

study depending on selecting an initial guess for the cent-
ers of generated clusters. These centers will be trained with
suitable optimization methods according to an adequate
objective function in order to reach the optimum values of
cluster’s center in each collection of data. However, the main
aim of the optimization schemes represents the magnitudes
of the differences between the selected centers and the given
points of data with a suitably weighted percent depending
on the membership degree. This technique of clustering the
data is named fuzzy C-mean clustering (FCM). After a suf-
ficient iteration, a range of the suitable number of member-
ship functions was obtained that may produce an acceptable
behavior for the given experimental data of the presented
work. This range is from (2) to (10) clusters with Gaussian

type for inputs and linear for output. However, Fig. 12 shows
the memberships of (Q) and (T,) before and after the train-
ing step which uses an artificial neural network with number
of clusters equal to (4) for each input. Also, Fig. 13 has
appeared four membership functions (MF1, MF2, MF3 and
MF4) for the (T,) and (P) before and after training. It can be
concluded clearly from the result shown in Fig. 14, that this
method is very effective and suitable to relate four inputs
with one output even though no specified model that repre-
sent this system or information. The best agreement of the
output of ANFIS with the type of FCM as compared with
experimental results is indicated in Fig. 14 which proves the
high robustness and efficiency of this method in modeling
input/output data of complex nature and erratic behavior.

The three methods of ANFIS are tested with different
operating conditions and great variation in the effective
parameters of each method. To demonstrate the accuracy
and robustness of this intelligent technique, a comparison
against some correlation approaches had been implemented
as shown in Fig. 15. It can be observed from the results
that the fuzzy expert knowledge with neural learning abil-
ity that formulated in ANFIS can realize satisfactory and
good concordance with experimental testing data rather than
that gained via conventional and classical correlation meth-
ods. The superiority of modeling input/output data using
ANFIS for the present application of the heat case study had
appeared clearly in Fig. 15, especially in samples’ numbers
2,4, 6 and 7. However, the ability of Sugeno inference sys-
tem at the computational representation of data can maintain
reasonably fitting with the desired outputs at a wide range of
operational characteristics.
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Fig. 14 Nu predicted by fuzzy C-mean clustering (FCM)

Conclusions

The natural convection and radiation heat transfer from a
solid cylindrical rod inside a closed vessel under vacuum
conditions with the adaptation of ANFIS is examined. The
following conclusions are obtained:

The reduction in pressure for constant heat flux increases
the radiation heat transfer and decreases the natural con-
vection heat transfer. Also, for constant pressure increas-
ing the heat flux resulting in an ascend in the radiation

heat transmission by approximately 25 times greater
than that for natural convection.

For constant pressure inside the vessel, the variation of
radiation heat transfer with input heat rate is steepest
than that of the variation of natural heat transfer with
input heat rate. Also, the variation of Q, and Nu with
pressure inside the vessel for constant heat input rate
can be approximated as vertical parallel lines.

The results indicate that ANFIS can be represented as
one of the best strategies for analyzing and studying the
characteristics of natural convection and radiation heat
transfers from a solid cylindrical rod inside a vessel
under vacuum conditions.
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4.

The power of ANFIS in formulating a direct input—out-
put relations may lead to producing an acceptable fitting
with the experimental data as compared with classical
correlation methods.

The optimization of the main parameters of ANFIS
methods such as the number of membership functions
in the grid partition method and the value of the radius
of the cluster in the subtractive clustering method has a
great effect on the modification of the performance of
these methods.
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