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Abstract 

Experimentally and numerically, the thermal performance enhancement of coun-
terflow twin-pipe heat exchanger with bumpers position variation was explored. A 
set of semicircular bumpers were positioned at varying distances from the fluid flow 
entrance on the annulus gap of the concentric pipe heat exchanger (10–70, 70–130, 
and 130–190 cm). The hot water entered the inner pipe at a constant mass flow rate 
of 0.0167 kg/s, whereas the cold air entered the annulus gap of a concentric pipe heat 
exchanger at changing mass flow rates of 2 ×  10−5 to 14 ×  10−5 kg/s. The numerical 
portion comprised simulating the efficacy of the heat exchanger with a smooth pipe 
and varied bumper placements using an artificial neural network (ANN) model. The 
experimental portion of the present work consisted of a series of tests to determine 
the optimal position of the bumpers for maximizing heat exchanger efficiency. At a 
constant fluid inlet temperature and with varied mass flow rates of the cold air, the 
numerical model was compared to the experimental results. When the bumpers are 
put at a distance of 130–190 cm, the heat exchanger has the highest thermal efficiency 
compared to other bumper placements and a smooth pipe. In all cases of the investi-
gation, there is a good correlation between numerical and experimental data.

Keywords: Double-pipe heat exchanger, Types of bumpers, Artificial neural network 
(ANN), MATLAB programming

Introduction
Numerous applications, including heating and cooling systems, chemical processes, 
compressor ventilation, and others, make extensive use of the concentric pipes heat 
exchanger [1–4]. Heat exchanger performance has recently been improved by inserting 
wire mesh, interior bumpers, and exterior bumpers inside pipes [5–7]. One of the tech-
niques uses bumpers that increased the occurrence of disturbances causing to increase 
in the heat transfer’s surface area. The presence of the bumpers impeded the runoff flow 
and caused a backflow of the fluid, resulting in an increased pressure drop due to the 
increased heat transfer [8]. With the development of the techniques of artificial neural 
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networks (ANN) rapidly, more of these techniques were used in many processes success-
fully to choose the suitable design of the heat exchanger [9–12]. ANN prediction pre-
sents a new method to predict a complex system that is nonlinear, unknown, uncertain, 
or without any obvious conditions about the relationship between the input and output. 
The ANN techniques can be used to predict the relationships of complicated nonlinear 
equations through network forming. This network can be used to control unknown or 
uncertain processes and simulate dynamically [13].

The majority of research aims to enhance heat transfer in such applications; the neu-
ral network method has been suggested for predicting heat exchanger performance. 
The current work reviews many studies that looked into how fluid flow and heat trans-
fer properties evolved. Khalaf and Falih [14] used semicircular disc baffles inserted in 
the annulus gap of the heat exchanger and various types of twisted tape to investigate 
the behavior of heat transfer in a double pipes heat exchanger with counter water flow 
direction numerically and experimentally. Nanofluid’s effect on countercurrent flow in a 
double-pipe heat exchanger was examined by Noor et al. [15]. The viscosity of nanoflu-
ids was measured, and the friction factor and heat transfer coefficient were calculated at 
various temperatures and particle sizes. The findings revealed that existing nanoparticles 
played an important role in improving the heat exchanger’s effectiveness. Muataz et al. 
[16] used varying geometries (dimple, twisted, and corrugated) of tapes inserted into the 
heat exchanger’s inner pipe to implement and numerically test the method of improving 
heat transfer performance [17]. Jenan and Dr. Mohammed conducted a numerical analy-
sis to determine how the addition of metal foam fins affects the air-to-water double-pipe 
heat exchanger’s heat transfer properties. The behavior and values of local and average 
heat transfer coefficients resulting were presented to show from this study that the mean 
coefficient of heat transfer had improved by utilizing the metal foam fins. Tongkratoke 
et al. [18] compared the performance of two heat exchangers with double pipes and two 
distinct welding techniques: argon and fire welding with parallel and counterflow water 
flow directions. Shanas and Arsana [19] conducted an experimental investigation into 
the impact of helical baffle angle variation on heat exchanger performance. This study 
has proven that the smallest angle of a helical baffle was given the greatest performance 
in the heat transfer characteristics. Amar et al. [20] conducted a series of tests to see how 
triangular bumpers affected the efficiency of double-pipe heat exchangers with paral-
lel and counter-flowing water. Salem et al. [21] studied experimentally the heat transfer 
and the pressure drop characteristics for counter water flow through the heat exchanger 
under the effect of perforated baffles. Perforated baffles were fabricated with a variation 
of the holes spacing, ratio of the pitch, void ratio, and angle’s inclination. Anum et al. [22] 
investigated the effect of heat generation and thermal radiation in electrically conductive 
unstable Williamson fluid along porous expansion surface using ANN modeling. Khalid 
et al. [23] predicted the force convective heat transfer in a circular pipe using the artifi-
cial neural network with constant heat flux. Basma and Hawraa [24] analyzed the shell 
and double concentric tube heat exchanger numerically. CFD package was employed to 
solve the flowing fluid and temperature field inside the shell and tubes with existing 20 
baffles and 16 tubes in this heat exchanger. Anum et al. [25] predicted the flow of the 
boundary layer for single-wall carbon nanotubes toward three distinct nonlinear iso-
tropic needles of parabolic, cylinder, and cone shapes with convective limit conditions. 
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Dr. Adnan et al. [26] simulated with ANN model to predict boiling flow and pressure 
drops in parallel copper multichannel using MATLAB program. Anum et al. [27] dem-
onstrated the magnetohydrodynamic squeezing of a fluid flow toward a stretched per-
meable surface through a nonpartisan medium. Heat transfer properties and fluid flow 
were investigated with the help of nonlinear ANN modeling. Xueping et  al. [28] pre-
dicted the performances of heat transfer for finned pipe heat exchangers using ANN 
model. Anum et al. [29, 30] showed the significance of using an artificial neural network 
as an alternative to traditional methods for providing reliability and important criteria 
for the analysis of mixed models, as well as methods for qualifying them and utilizing 
them in statistical calculations. Utilizing discrete twisted tapes, Nassr and Abdulrahman 
[31] conducted experimental research on the enhancement of heat transfer in a tube 
heat exchanger. Horizontal, inclined, and vertical positions were chosen for fixing dis-
crete tapes at a long pipe section. The results demonstrate that using discrete twisted 
tapes enhanced the heat transfer rate, especially in the inclined position.

The purpose of this study is to compare the thermal performance of double-pipe 
heat exchangers with varying positions of semicircular bumpers inside the heat 
exchanger to that of smooth pipe using experimental and numerical methods. An 
artificial neural network (ANN) was used to predict heat transfer characteristics in a 
double-pipe heat exchanger with and without bumper position variation. The empiri-
cal correlations and the experimental data’s degrees of divergence were compared. In 
these engineering applications, the artificial neural network method was given prefer-
ence over empirical correlations.

Experimental apparatus and data reduction
The experimental apparatus of double-pipe heat exchanger was shown schematically in 
Fig. 1 and photographically in Fig. 2. The inner pipe was made from stainless steel metal 
of 1.25 cm diameter. The outer pipe was made from PVC metal of 3.75 cm inner diam-
eter. The outer pipe was insulated using glass wool of 1 cm thickness to minimize the 
loss of heat to the surrounding. The length of a concentric pipe heat exchanger is of 200 
cm. Hot water has flowed through the internal pipe of the heat exchanger with a closed 
circuit. The hot water was heated using the electrical heater (3000 W) provided by a 
thermostat to control the inlet hot water temperature at a constant temperature of 60 °C. 
The hot water was pushed into the inner pipe of heat exchanger by water pump device. 
The water flow meter with the range 1–7 LPM was used to control the amount of inlet 
hot water and to remain constant in all tested times at 1 LPM.

The cold air was passed through into the gap between concentric double-pipe heat 
exchanger. The cold air was provided by the air compressor device (Fig. 3).

The air flow meter at the range 1–20 LPM was used to control the flow rate of cold air. 
The amount of the cold air was changed from 1 to 8 LPM to investigate the effect of this 
changing of the heat transfer characteristics.

The bumpers were semicircular rings made from stainless steel metal with dimen-
sions Rout = 16, Rin = 10, and t = 3 mm as shown in Figs. 4 and 5. A number of sem-
icircular bumpers that have been used were 20 bumpers arranged on the zic-zac form. 
The semicircular bumpers were welded and installed on the outer surface of the inner 
pipe. The distance between bumper and another is of 3 cm. The first bumper was put 
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after leaving 10 cm distance from the air flow into the gap between concentric dou-
ble-pipe heat exchanger to avoid the backflow of the air. The semicircular bumpers 
were inserted at different positions of 10–70, 70–130, and 130–190 cm from the air 
flow inlet to investigate the effect of varying bumper positions on the characteristics 
of heat transfer coefficient and fluid flow.

The temperatures of the two fluids at their inlet and outlet were measured using 
(k-type) thermocouple by connecting one of the two ends of the thermocouples with a 
digital thermometer. The static pressure drops between the entrance and outlet of the 
airflow were measured using an air manometer that was made locally as shown in Fig. 6.

Fig. 1 Schematic diagram of the experimental apparatus

Fig. 2 Photographic of the experimental apparatus
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Data analysis
Rate of heat transfer and Nusselt number

The data analysis of concentric pipes heat exchangers with and without using semicircu-
lar bumpers was carried out in case of steady-state heat balance. The inlet coefficient of 
heat transfer can be determined by the below equation [32]:

where Nu is Nusselt number and can be calculated from the below equation as follows:

(1)hi =
Nu ∗ kw

L

Fig. 3 Photographic of the compressor (cold air supply)

Fig. 4 Photographic of bumper positions



Page 6 of 20Abdul Hussein and Shbailat  Journal of Engineering and Applied Science            (2023) 70:6 

where Reynold number Re can be found in the equation as follows:

A set of hypotheses were presented to solve the equations of double-pipe heat 
exchanger model such as steady-state conditions, the radiation and conduction of heat 
transfer inside the pipe were negligible, and all the fluid properties were constant except 

(2)Nui = 0.023 Re0.8Pr0.4

(3)Re =
ρvdi

µ

Fig. 5 Dimensions of bumper
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the fluid density which was a function of the mean fluid temperatures. The heat loss 
from the outer heat exchanger to the surroundings was calculated from the following 
equations:

The calculation of heat transfer losses  Qloss was very low, around 3%, and it is calcu-
lated from the following equation:

The heat transfer rates for hot and cold fluids, as well as the overall heat transfer coeffi-
cient, were calculated using mathematical analysis of the current work with and without 
semicircular bumpers as follows:

The following equation was used to determine the hot water’s heat transfer rate ( Q̇h ) 
as follows:

It is possible to write the heat transfer rate ( Q̇c ) ̇to cold air as follows:

where ṁ represents the rate of mass flow and calculated by the following:

The average rate of heat transfer can be written by the following:

(4)Qloss = ho,ins. As (Tins. − T∞)

(5)Q̇h = ṁwCp(Thi − Tho)

(6)Q̇c = ṁaCp(Tco − Tci)

(7)ṁa = ρv ∗
π

4
D2
o − D2

i

Fig. 6 Photographic of air manometer
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The equation that follows can be used to determine the overall heat transfer coefficient 
U as follows:

From the following equation can be estimated the outer heat transfer coefficient  ho 
[33] as follows:

where the surface area of the inner surface can be determined from the following 
equation:

And the surface area of the outer surface without bumpers is as follows:

And the surface area of the outer surface with bumpers is as follows:

The following formula was used to determine the Nusselt number along the outer 
pipe’s air side as follows:

where the hydraulic diameter can be determined from the following equation:

Friction factor (f)

The below Eq. 9 can be used to determine the Reynolds number as follows:

For (Re < 2300), the flow is laminar, and the applied equations to find the friction factor 
f are as follows:

(8)Q̇ave. =
(

Q̇h + Q̇c

)

/2

(9)U =
PQave.

As ∗ LMTD

(10)
1

UiAi
=

1

hoAo
+

ln (Do/Di)

2πkaL
+

1

hiAi

(11)Ai = π.Di.L

(12)Ao = π.DhL

(13)Ao,b = π.Dh.(L− 06.)

(14)Nuo =
ho Dh

ka

(15)Dh = (Do − Di)

(16)Re =
ρvDh

µ

(17)f =
hloss ∗ Dh ∗ 2g

L ∗ v2
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Effectiveness (∈)

The effectiveness (∈) of heat exchanger with and without using semicircular bumpers 
can be calculated from the following equation:

where:

Numerical analysis
Heat exchanger modeling analysis using artificial neural networks

The model of artificial neural networks (ANN) was utilized to analyze double-pipe heat 
exchanger model. ANN method was used in many applications of engineering that sim-
ulated nonlinear equations. This method did not require knowledge of the input and 
output such as controlling of dynamic system and prediction of thermal system perfor-
mance. In last decades, ANN model was used widely in the analysis of heat exchanger 
models [34]. Neural network stimulates the human intelligence to a high degree which 
may be trained to find the right outputs and classed the training exercises. Thus, it needs 
to know the training inputs. After training, the flow parameters can be classed with high 
accuracy [35].

The two primary types of ANN are as follows:

1. Feed forward in which the network does not create any loops
2. The feedback that leads to the formation of one or more loops

Figure 7 showed three layers of the feed-forward back propagation. The ANN model 
was arranged in three layers based on the following: layers for input, hidden, and output. 
In the hidden layer, many neurons were connected to neurons in the input and output 
layers. Input layer included four parameters as follows: inlet hot water temperature  Th, 

i, inlet cold air temperature  Tc, i, hot water mass flow rateṁh,i , and inlet air mass flow 
rateṁc,i . The output layer included four parameters as follows: average rate of heat trans-
fer Q̇ave. , Nusselt number Nu, friction factor f, and heat transfer effectiveness ∈. The 
statistical parameter-squared correlation coefficient (R) serves as the foundation for 
making comparisons between the various algorithms. The orders of ANN’s input values 
may vary by many magnitude orders, and it may not show the relative importance of the 
input values, which are within a specific range of (−1, 1) as the maximum and minimum 
range. The following is a summary of the procedure for using ANN modeling to predict 
the output parameters [36] as follows:

1) Utilize data sets to identify training patterns.
2) Define the architecture of a neural network.
3) Set the parameters of the network.

(18)∈=
Q̇actual

Q̇maximum

(19)Q̇actual = ṁaCP(Tco − Tci)

(20)Q̇maximum = ṁwCP(Thi − Tci)
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4) Execute a program for feed-forward back propagation.
5) Analysis and comparison.
There are three equations of experimental correlations to know the number of 

nodes in the hidden layer N. In this present work and for forward propagation input, 
the following formula was used [1]:

where n and m represent the number of nods for the input and output layers respectively.
The hidden layer included seven neurons. In the hidden layer, the function that was 

selected is the logistic sigmoid (TANSIG), and in the output layer, the function was 
PURELIN. Summation of the product of each contact weight  (Wjk) is from a neuron 
(j) to the neuron (k), input  (Xj), and the bias  bi (additional weight) to obtain the sum 
of each neuron. Neuron  ith has a sum of the weighted input  (Wij,  Xj ) and the net input 
 Pi formed by the bais  bi as shown in the equation:

where  Wij represents the connection strength from input  jth  to  neuronith, n denotes 
about the input vectors number,  Xj represents the input vector, and  bi is the bias of the 
neuron. The sigmoid function is employed to determine the output of the neuron. The 
training process is important as a first step to form ANN model due to the training 
process denotes that the weights are corrected to determine the output (target) values. 
Training means that weights. The training process is a pair of the actual input data (XS, 
YS), XS represents the vector, and YS represents the corresponding target after the suc-
cessful training process. When the target values YS are corrected for each vector  XS, 

(21)N =

√

0.43nm + 0.12m2 + 2.5n ++0.77m + 0.86

(22)Pi =
∑n−1

j=1
WijXj − bi

Fig. 7 Architecture of artificial neural network (ANN)
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then the neural network was given a correct prediction for any input X to produce any 
target value Y depending on the fundamentals of the ANN model. The observed data 
percentage used in the ANN model is 70% as a training dataset, 15% as test dataset, and 
15% as validation dataset. The performance is improved due to the difference between 
the observed data, and the predicted values filtered back through the system and con-
necting between the layers. ANN model for the training, test, and validation qualities 
can be evaluated by applying the correlation of the squared coefficient R as follows:

where  yi is the output’s value of either  ith training, test, or validation and yti  represents 
the value of the corresponding target [37, 38].

MATLAB software programming algorithm

MATLAB programming (version R2015b) was used to predict the experimental data 
using ANN model. The experimental data of the inputs and outputs values were read as 
a form of Excel file in workspace window. Function (nn train tool) was used in commend 
window to manage the data. After the input and output data were imported, the network 
was created after selecting a set of network properties. After then, the created network 
was opened to show the network configuration. Start to train the network by pressing on 
the “train.” It is important to show that the network’s performance was reduced when the 
over training occurred. Two-hundred twenty-four experimental data were considered in 
the ANN model. The feed-forward back propagation neural network was used to put the 
trained data into action. The rate average of heat transfer, Nusselt number, friction fac-
tor, and heat exchanger effectiveness with and without bumpers were predicted together 
depending on the testing input data, temperature of the air at the inlet, mass flow rate of 
hot and cold air, and temperature of the hot water at the inlet [39].

Results and discussion
In this present work, the effects of heat transfer and fluid flow on the thermal effective-
ness of a double-pipe heat exchanger with and without semicircular bumpers are investi-
gated numerically and experimentally.

ANN model predictive ability can give a satisfactory output for the flow parameters 
included in the ANN examples. The predictive ability can be determined using the 
cross-validation. This procedure is shown in that one of the compound parameters is 
removed from the dataset, and the neural network trains with other components to pre-
dict the hidden compound. The process is repeated for each compound in the dataset. 
After mutual validation, the predictive ability of the various neural networks is evaluated 
through cross-validation.

The performance of the neural network is a function of the number of hidden neu-
rons. The relationship between the experimental analyzed data and the ANN predictive 

(23)R = 1−

∑n
j=1

(

yi−y
t
i

)2

∑n
j=1

(

yi−yo
)2

(24)yo =
1

n

∑n

i=1

(

yi−y
t
i

)
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model was expressed by the linear combination. The number of iterations increases the 
ANN’s performance, but the predictive ability was reduced when the training process 
exceeds 1000 iterations. This is known as the excessive training process due to the very 
long training time. In fact, the weights obtained after excessive training contain more 
training set-specific information, so the prediction of the test dataset will not be really 
satisfactory. Therefore, when a very low error is searched in training set, the predictive 
ability of ANN is less successful. Predictability is an essential quality of an ANN. Thus, 
the effect of over-training process should be avoided [40].

Figure 8 shows the difference of inlet and outlet air temperature versus change of the 
air mass flow rates with and without using bumpers. Generally, it is observed that the 
temperature difference increases with the mass flow rate of the air due to an increase 
in the rate of heat transfer. The highest air temperature difference is recorded when the 
bumpers are inserted at position 130–190 cm to increase by about 58.94% compared to 
the smooth pipe.

The experimental overall heat transfer coefficient is depicted in Fig. 9 as a function of 
the air mass flow rate. The overall heat transfer coefficient was enhanced by increasing 
the air mass flow rate due to increase swirl and turbulence in the region of air flow which 
causes to prevent formation of boundary layer thickness. Additionally, varied bumper 
positions at 10–70, 70–130, and 130–190 cm have an increased U that is 20.6%, 43%, and 
60.3% than smooth pipe. The reason in this return is to increase in the temperature dif-
ference between the fluids at the input and output in heat exchanger.

Figure 10 indicates the effect of fluid flow rate on rate of heat transfer with different 
positions for the bumpers at 10–70, 70–130, and 130–190 cm and with smooth pipe. 
A comparison between the experimental data and the predictions is shown in the fig-
ure. In general, it is shown that the rate of heat transfer increases with increasing the 

Fig. 8 Air temperature difference versus air mass flow rate with and without bumpers
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mass flow rate as a result of increase in the overall heat transfer coefficient. The maxi-
mum heat transfer rate is recorded at position of 130–190 cm to about 45.9% in the 
case of the experimental data and to about 45.76% in the case of the predictive data 
compared to the smooth pipe.

Fig. 9 Over heat transfer coefficient versus air mass flow rate with and without bumpers

Fig. 10 ANN predicted and experimental heat transfer with and without bumpers
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Figure 11 investigates the effect of air mass flow rate and bumper’s positions on the 
Nusselt number numerically by ANN mode prediction and experimentally through 
the experimental data. The Nusselt number is increased with the increase of the air 
mass flow rate due to the increase of the turbulence of airflow causing increase in the 
rate of heat transfer. Nu values with the varying bumper’s positions give high value 
when the bumpers are arranged at the position of 130–190 cm, where the Nusselt 
number values are enhanced to about 48.1% predictively and 59.4% experimentally 
compared to the smooth pipe. This is due to the thermal boundary layer close to the 
heat exchanger wall being largely destroyed as a result of the airflow being slowed 
considerably in this position.

Figure 12 shows the influence of air mass flow rate and bumpers position variation 
on the friction factor experimentally and predictively using ANN model. Generally, 
it is noticed that the friction factor is decreased with an increase of the air mass flow 
rate as a result of the air pressure drop increases. The variation of bumpers positions 
decreases the friction factor highly compared to smooth pipe due to increase in the 
fluid recirculation near the bumpers and increases the turbulence force. Maximum 
reduction of friction factor is recorded with the insertion of the bumpers at position 
of 130–190 cm to about 28% experimentally and to about 27.2% predictively compared 
with the smooth pipe.

Figure  13 shows how the predictive and experimental heat exchanger effective-
ness of semicircular bumpers and the smooth pipe is affected by increasing the air 
mass flow rate at various positions. The effectiveness of the heat exchanger increases 
with fluid flow rate in all instances. This is because an increase in the pressure drop 
causes an increase in the rate of heat transfer due to the increase in high turbulence. 
The effectiveness with the bumpers at position 130–190 cm is given the best position 

Fig. 11 ANN predicted and experimental Nusselt number with and without bumpers
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compared to the other positions and smooth pipe. The effectiveness increases by 
approximately 43.4% experimentally and by approximately 42.9% predictively.

It is noticed from Figs. 10, 11, 12 and 13 that there is great convergence between the 
experimental data and the data which are predicted using the artificial neural network 

Fig. 12 ANN predicted and experimental friction factor with and without bumpers

Fig. 13 ANN predicted and experimental heat exchanger effectiveness with and without bumpers
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model. So, it gives evidence that the bumper’s positions are important to enhance the 
heat exchanger effectiveness with this engineering application.

Table 1 shows the fitting function performance with the ANN model of Q, Nu, f, and ∈ 
predicted together, which also lists the MSE values.

Figure 14 describes the linear output regressions relative to the targets of fitting ANN 
function. Also, it gives the error R values and the correlations of linear regression to 
compare between the outputs data and target data from training, validation, testing, and 
all operations at bumpers position of 130–190 cm. It is noticed from the figure that the 
error values are more than of 0.975. So, it gives evidence of the good agreement between 
the output and target data.

Table 1 Performance of ANN prediction with and without bumpers

Specifications Output prediction All Train Validation Test

130–200 cm Q
Nu
f
∈

0.00032 0.000 0.00019 0.00012

70–130 cm Q
Nu
f
∈

0.00025 0.00029 0.0001 0.000

10–70 cm Q
Nu
f
∈

0.003 0.00367 0.00027 0.00023

Smooth pipe Q
Nu
f
∈

0.00081 0.00099 0.00022 0.00019

Fig. 14 ANN performances of the training record at the air inlet at (130–190) cm
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The fitting of ANN function can choose the data, build a network, and train it to solve the 
problems. The ANN performance is evaluated using the mean squared error (MSE), depend-
ing on the formula in Eq. 23, the mean squared difference MSE found between the predicted 
data (outputs data) and actual data. The better are the lower values, a value closer to zero 
shows that the fit is more suitable for the prediction, and zero indicates that there is no error.

where E represents the experimental data and P is the predicted output data. The experi-
mental correlations and MSE for predicting ANN are contrasted in Table 2. It is noticed 
that all the MSE values of the fitting ANN function are smaller than of the correlations. 
This means that ANN results are better than those of correlations.

Conclusions
In the current work, the heat transfer and fluid flow characteristics were discussed exper-
imentally and numerically, and the factor of thermal effectiveness of heat exchanger with 
changing of semicircular bumpers position at air mass flow rate of (2 ×  10−5 to 14 × 
 10−5 kg/s) regimes were examined. The conclusions were included as follows:

1. The parameters of friction factor, overall heat transfer coefficient, and Nusselt num-
ber can be predicted accurately where the results showed that the MSE is less than 
6% in all cases.

2. The overall heat transfer, especially at the position of the bumper 130–190 cm, is 
highest compared to the other bumpers’ positions and smooth pipe.

3. The values of Nusselt numbers and the friction factor were recorded as the best val-
ues with the presence of semicircular bumpers compared to the smooth pipe.

4. The change of the semicircular bumpers’ positions causes increase in the rate of heat 
transfer. The maximum heat transfer rate is recorded at position of 130–190 cm to 
about 45.9% in the case of the experimental data and to about 45.76% in the case of 
the predictive data compared to the other bumpers’ positions and smooth pipe.

5. The change of the position of the bumper causes to increase the thermal effective-
ness is improved to reach the maximum values at bumpers position (130–200 cm) 
to about 43.4% experimentally and to about 42.9% predictively. Thus, the change in 
the bumper’s positions on the outer surface of the inner pipe is given important evi-
dence on the improvement of the heat exchanger’s effectiveness in such engineering 
applications.

(25)MSE =
1

n

∑n

i=1
(Ei − Pi)

2

Table 2 Comparison is made between the MSE of ANN predicted model and experimental 
correlations with and without using bumpers

Specifications Output prediction Empirical correlations

Q ∈ f Nu Q Nu f ∈

130–200 cm 4.06 0.00553 1.876 5.564 5.234 5.564 1.876 0.00553

70–130 cm 1.02 0.00631 0.553 4.451 4.0564 4.451 0.553 0.00631

10–70 cm 2.79 0.00434 0.335 1.652 4.831 1.652 0.335 0.00434

Smooth pipe 1.21 0.00455 0.443 1.233 3.154 1.233 0.443 0.00455
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6. ANN model shows the ability and the high accuracy in the prediction of the heat 
transfer and the friction factor with and without using semicircular bumpers. 
The results of the experimental part are shown as a good agreement with the 
prediction correlations (rate of heat transfer, Nusselt number, friction factor, and 
thermal effectiveness). The ANN model gives a large closer to the experimental 
data in all cases.
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ṁ  Air mass flow rate (kg/s)
Nu  Nusselt numbers
p  Pressure (Pa)
Pr  Prandtl number
Re  Reynolds number
t  Time (s)
T  Temperature (°C)
v  Air velocity (m/s)

Greek letters
μ  Dynamic viscosity
ρ  Density (kg/m3)

Subscript
i  Inlet
ave.  Average
m  Mean
o  Outlet
s  Surface
x  Local distance

Acknowledgements
We would like to express my sincere appreciation for the continuous support from the Energy Research Center, Renew-
able Energy Directorate, Ministry of Science and Technology, Iraq, for the facilitation provided throughout the period 
while working on this project and for their assistance in the calibration process. A special thanks to Dr. Falah Alatar of the 
Energy Research Center manager.

Authors’ contributions
The first researcher SA was interested in the theoretical aspect and analyzed its results, while the second researcher SJ 
contributed to the practical aspect, its analysis, and conclusion. The authors read and approved the final manuscript.

Funding
No funding was obtained for this study.

Availability of data and materials
The datasets used and/or analyzed during the current study are available from the corresponding author on reasonable 
request.

Declarations

Competing interests
The authors declare that they have no competing interests.



Page 19 of 20Abdul Hussein and Shbailat  Journal of Engineering and Applied Science            (2023) 70:6  

Received: 23 September 2022   Accepted: 13 January 2023

References
 1. Wang FL, Tang SZ, He YL, Kulacki FA, Yu Y (2019) Heat transfer and fouling performance of finned tube heat exchang-

ers, experimentation via on line monitoring. Fuel. 236:949–959
 2. Chen HT, Hsieh YL, Chen PC, Lin YF, Liu KC (2018) Numerical simulation of natural convection heat transfer for annu-

lar elliptical finned tube heat exchanger with experimental data. Int J Heat Mass Transf 127:541–554
 3. Ma Y, Yuan Y, Liu Y, Hu X, Huang Y (2012) Experimental investigation of heat transfer and pressure drop in serrated 

finned tube banks with staggered layouts. Appl Therm Eng 37:314–323
 4. Srisawad K, Wongwises S (2009) Heat transfer characteristics of a new helically coiled crimped spiral finned tube 

heat exchanger. Heat Mass Transf 45(4):381–391
 5. Alem K, Sahel D, Nemdili A, Ameur H (2018) CFD investigations of thermal and dynamic behaviors in a tubular heat 

exchanger with butterfly baffles. Front Heat Mass Transfer 10(27):614-621
 6. Boukhadia K, Ameur H, Sahel D, Bozit M (2018) Effect of the perforation design on the fluid flow and heat transfer 

characteristics of a plate fin heat exchanger. Int J Therm Sci 126:172–180
 7. Liang G, Islam MD, Kharoua N, Simmons R (2018) Numerical study of heat transfer and flow behavior in a circular 

tube fitted with varying arrays of winglet vortex generators. Int J Therm Sci 134:54–65
 8. Ameu H (2020) Effect of corrugated baffles on the flow and thermal fields in a channel heat exchanger. J Appl 

Comput Mech 6(2):209–218
 9. Runge J, Zmeureanu R (2019) Forecasting energy use in buildings using artificial neural networks, a review. 

Energies 12(17):03254-03281
 10. Dong Z (2014) An artificial neural network compensated output feedback power-level control for modular high 

temperature gas-cooled reactors. Energies 7(3):1149–1170
 11. Hosoz M, Ertunc HM, Bulgurcu H (2007) Performance prediction of a cooling tower using artificial neural network. 

Energy Convers Manag 48(4):1349–1359
 12. Pacheco-Vega A, Sen M, Yang KT, McClain RL (2001) Neural network analysis of fin-tube refrigerating heat exchanger 

with limited experimental data. Int J Heat Mass Transf 44(4):763–770
 13. Wang QW, Xie GN, Zeng M, Luo LQ (2006) Prediction of heat transfer rates for shell-and-tube heat exchangers by 

artificial neural networks approach. J Therm Sci 15(3):257–262
 14. Khalaf BS, Falih AH (2018) Numerical and experimental investigation of heat transfer enhancement in double pipe 

heat exchanger. International Conference on Materials Engineering and Science
 15. Mjeed NS, Salih SM, Al Ani HNA, Abdulmajeed BA, Albu PC, Nechhifor G (2020) Study the effect of SiO2 nanofluids 

on heat transfer in double pipe heat exchanger. Rev Chim 71(5):117–124
 16. Wahhab MA, Sattar A, Jehhef KA, Yasin NJ (2021) Thermal performance enhancement in double pipe heat 

exchanger by using inward and outward dimple and corrugated tape. J Mech Eng Res Dev 44(1):99–122
 17. Hamzah JA, Nime MA (2019) Numerical investigation of heat transfer enhancement of double pipe heat exchanger 

using metal foam fins. J Eng 25(6)1–18
 18. Tongkratoke A, Pramuanjaroenkij A, Phankhoksoong S, Kakac S (2019) The experimental investigation of double 

pipe heat exchangers prepared from two techniques. Int Confer Mech Eng Mater Sci Eng. https:// doi. org/ 10. 1088/ 
1757- 899X/ 501/1/ 012064

 19. Pramesti ST, Arsana IM (2020) Experimental study of baffle angle effect on heat transfer effectiveness of the shell 
and tube heat exchanger using helical baffle. J Mech Eng Res Dev 43(3):332–338 ISSN: 1024-1752

 20. Kumar A, Gupta AK, Nayak UK (2019) Effect of baffle on effectiveness in double pipe heat exchanger. Int J Sci Res 
Rev 7(7):23-34

 21. Salem MR, Althafeeri MK, Elshazly KM, Higazy MG, Abdrabbo MF (2017) Experimental investigation on the thermal 
performance of a double pipe heat exchanger with segmental perforated baffles. Int J Therm Sci 122:39–52

 22. Shafiq A, Çolak AB, Sindhu TN, Al-Mdallal QM, Abdeljawad T (2021) Estimation of unsteady hydromagnetic William-
son fluid flow in a radiative surface through numerical and artificial neural network modeling. Sci Rep 11:14509

 23. Saleem KB, Kheioon IA, Sultan HS (2019) Prediction of heat transfer characteristics for forced convection pipe flow 
using artificial neural networks, Kufa. J Eng 10(3):73–89

 24. Basma Abbas Abdulmajeed and Hawraa Riyadh Jawad (2019) Analysis of shell and double concentric tube heat 
exchanger using CFD application. J Eng 25(11)21–36

 25. Shafiq A, Colak AB, Sindhu TN (2021) Designing artificial neural network of nanoparticle diameter and solid–fluid 
interfacial layer on single-walled carbon nanotubes/ethylene glycol nanofluid flow on thin slendering needles. Int J 
Numer Methods Fluids:1–21. https:// doi. org/ 10. 1002/ fld. 5038

 26. Abdulrasool AA, Fayyadh EM, Mohammed AA (2017) Prediction of two-phase flow boiling characteristics in micro-
channels heat sink by artificial neural network. J Eng Sustain Dev 21(5):116-128

 27. Shafiq A, Çolak AB, Sindhu TN, Muhammad T (2022) Optimization of Darcy–Forchhelmer squeezing flow in nonlin-
ear stratified fluid under convective conditions with artificial neural network. Heat Transfer Res 53(3):67–89

 28. Xueping D, Chen Z, Meng Q, Yang S (2020) Experimental analysis and ANN prediction on performances of finned 
oval-tube heat exchanger under different air inlet angles with limited experimental data, De Gruyter. Creative Com-
mons Attribution 4.0 International License, Open Access

 29. Shafiq A, Colak AB, Lone SA, Sindhu TN, Muhammad T (2022) Reliability modeling and analysis of mixture of expo-
nential distributions using artificial neural network. Wiley Online Library. https:// doi. org/ 10. 1002/ mma. 8178

 30. Shafiq A, Colak AB, Swarup C, Sindhu TN, Lone SA (2022) Reliability analysis based on mixture of lindley distributions 
with artificial neural network. Wiley Online Library. https:// doi. org/ 10. 1002/ adts. 20220 0100

https://doi.org/10.1088/1757-899X/501/1/012064
https://doi.org/10.1088/1757-899X/501/1/012064
https://doi.org/10.1002/fld.5038
https://doi.org/10.1002/mma.8178
https://doi.org/10.1002/adts.202200100


Page 20 of 20Abdul Hussein and Shbailat  Journal of Engineering and Applied Science            (2023) 70:6 

 31. Hussein NF, Mahmood AS (2019) Enhancing heat transfer in tube heat exchanger by inserting discrete twisting 
tapes with different positions. J Eng 25(8)39–51

 32. Holman JP (2018) Heat transfer, McGraw-hill series in mechanical engineering, 10th edn International Edition
 33. Sheikholeslami M, Ganji DD, Gorji-Bandpy M (2016) Experimental and numerical analysis for effects of using conical 

ring on turbulent flow and heat transfer in a double pipe air to water heat exchanger. Appl Therm Eng 100:805–819
 34. Shbailat SJ, Nima MA (2021) Possible energy saving of evaporative passive cooling using a solar chimney of metal 

foam porous absorber. Energy Convers Manage: X 12:100118
 35. Reynoso-Jardón E, Tlatelpa-Becerro A, Rico-Martínez R, Calderón-Ramírez M, Urquiza G (2019) Artificial neural net-

works (ANN) to predict overall heat transfer coefficient and pressure drop on a simulated heat exchanger. Int J Appl 
Eng Res 14(13):3097–3103 ISSN 0973-4562

 36. Naphon P (2016) Heat transfer analysis using artifcial neural networks of the spirally fluted tubes. J Res Appl Mech 
Eng 4(2):135–147

 37. Wesam Salah GE, Qureshi AH (2020) Data processing using artificial neural networks, book, dynamic data assimila-
tion – beating

 38. Zhang J, Ma Y, Wang M, Zhang D, Qiu S, Tian W, Guanghui S (2019) Prediction of flow boiling heat transfer coefficient 
in horizontal channels varying from conventional to small-diameter scales by genetic neural network. Nucl Eng 
Technol 51(8):1897–1904

 39. Mohamed B, Hanini S, Ararem A, Mellel N (2015) Simulation of nucleate boiling under ANSYS-FLUENT code by using 
RPI model coupling with artificial neural networks. Nucl Sci Tech 26:040601

 40. Alanazi AK, Nurgalieva SMAKS, Nesic S (2022) Application of neural network and time-domain feature extraction 
techniques for determining volumetric percentages and the type of two phase flow regimes independent of scale 
layer thickness. Appl Sci 12(3):1336

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


	Impact of bumpers position variation on heat exchanger performance: an experimental and predictive analysis using an artificial neural network
	Abstract 
	Introduction
	Experimental apparatus and data reduction
	Data analysis
	Rate of heat transfer and Nusselt number
	Friction factor (f)
	Effectiveness (∈)

	Numerical analysis
	Heat exchanger modeling analysis using artificial neural networks
	MATLAB software programming algorithm

	Results and discussion
	Conclusions
	Acknowledgements
	References


