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Design of stochastic computational 
Levenberg Marquardt 
backpropagation‑based technique 
to investigate temperature 
distribution of longitudinal moving 
porous fin
Iftikhar Ahmad 1, Muhammad Asif Zahoor Raja 2, Syed Ibrar Hussain 3,4*, Hira Ilyas 5 & 
Zalfa Mohayyuddin 6

The improvement of thermal exchange is of utmost interest in a wide range of engineering areas. 
The current study focuses on thermal evaluation involving natural radiation and convection in a 
fractionally arranged moving longitudinal fin model placed under a magnetic field. We implement 
the Levenberg Marquardt backpropagation (LMB) algorithm for investigating an innovative use of 
stochastic numerical computation for analyzing the efficiency of the temperature distribution in a 
porous moving longitudinal fin. The datasets for LMB have been created using a shooting approach 
for dynamic systems with varying ranges of different parameters. The validation, testing, and training 
processes are used to simulate networks using the LMB approach for diverse scenarios of moving 
porous fin models. The reliability of results is assessed based on the regression measures, absolute 
error, error histograms, mean square error, and other metrics for fuller numerical modeling of the 
suggested LMB to investigate the thermal efficiency and effectiveness of porous moving fin.

Keywords  Levenberg–Marquardt backpropagation, Temperature distribution, Moving longitudinal porous 
fin

List of symbols
T*	� Local fin temperature
Si	� Porosity parameter
Cp	� Specific heat under constant pressure
Nr	� Conduction-radiation parameter
g	� Gravity-induced acceleration
S	� Axial coordinate with no dimensions
h	� Coefficient of heat transmission
keff 	� Ratio for effective thermal conductivity
H	� Hartman number
M	� Dimensionless thermo-geometric factor
w1	� The fin’s width
k∗	� Permeability
Ra	� Rayleigh number
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q	� Rate of heat transfer
ζ	� Axial velocity
Bi	� Magnetic field strength
ρ	� Fin perimeter
L	� Fin’s length
TB	� Fin’s base temperature
Da	� Darcy number
vw	� The fluid velocity traveling through the fin at all points
h	� Coefficient of heat transfer
m*	� The rate of mass flow of fluid traveling through a porous fin
V	� Fin’s velocity
J∗c 	� Intensity of conduction current

Greek symbols
β	� The thermal expansion coefficient of the surrounding fluid
σ	� Electrical conductivity
σ̃	� Stefan-Boltzmann constant
vi	� Ambient fluid’s kinetic viscosity
ρf 	� Ambient fluid density
ε	� Emissivity
θ	� Porosity
φ	� Temperature (dimensionless)

Abbreviations
ANNs	� Artificial neural networks
ODE	� Ordinary differential equations
LMB	� Levenberg–Marquardt back-propagation
L	� Fin’s length
B	� Fine base
NN	� Neural network
ADSTM	� Adomian decomposition smudu transformation method
GAIPT	� Genetic algorithm interior point technique

In engineering execution, the concept of heat transfer has taken on a unique significance and many researchers 
and engineers are now interested in the configuration of heat exchange equipment that is crucial for emerging 
sectors. The phenomenon of heat transfer is incredibly useful in engineering and technological advancement. 
Initial applications of this technology include condensers in power plants and turbines that generate steam 
for tank engines. The use of heat exchangers in the petrochemical sectors and petroleum later came about 
because of a rapid growth of manufacturing operations and other methods of heat transfer included welding, 
electronic packaging, thermosyphons, casting, and geophysics. Radiation, conduction, and convection are the 
three fundamental forms of heat transport1–8. Every machine has an internal temperature threshold that it cannot 
exceed without shutting down. In a variety of electrical appliances, heat is dispersed via heat sinks and heat 
exchangers. It allows the equipment to operate at a lower temperature than its minimum operating temperature9. 
Extended surfaces called fins are widely used in electrical systems to speed up heat transfer. Numerous fin 
shapes, including rectangular, spherical, circular, and triangular, have recently been created. However, due to 
its straightforward construction methods, the longitudinal fin is the most efficient design10. Numerous studies 
have been reviewed in the literature to improve understanding of the thermal efficiency of fins and heat transfer 
rate. A porous substance with considerable thermal conductivity was employed to increase the thermal efficiency 
of various heat structures11. There are various fin varieties, but porous fin is the most useful and effective. The 
Darcy model was used for the very first time by Kiwen to develop fins made of a porous material12. Four distinct 
shapes—rectangular, convex, triangular, and exponential—are taken into consideration since it is expected that 
the width of circular fins changes with radius. By estimating a severe thermal transition in a porous fin and 
improving the efficiency of a porous fin, Kundu and Bhanja13 made significant improvements. Mordi evaluates the 
thermal conductivity of the porous, triangular-shaped fin concerning thermal conductivity that is temperature 
dependent14. For an equivalent mass of fins, a comparison between porous and solid fins has also been conducted. 
It was noted that, in an ideal condition, porous fins always transmit more heat than solid fins, making the choice 
of porous condition a beneficial design feature is presented. The thermal efficiency of convective radiative porous 
fins with rectangle profiles was the subject of a mathematical method proposed by Gorle and Bakier15. The 
thermal behavior of the convective radiative porous fin is studied by the least-squares approach, which provides 
several sectors and ceramic material possibilities16. According to a specific temperature requirement, Das and 
Ooi investigated how to forecast unknown and potential combinations of constituents in an inherently convective 
porous fin17. For this reason, the homotopy analysis technique (HAM) is used for validating the solutions. The 
outcomes of the Runge–Kutta technique are contrasted with the HAM for various instances. Examined are the 
consequences of several characteristics, such as convection and porosity.

Continuous moving fins have attracted a lot of attention because of their versatility and variety of applica-
tions. One of the developing study areas is the thermal behavior of continuously moving surfaces produced by 
extrusion, casting, hot tumbling, glass sheet, and powder metallurgy methods to produce both sheets and rods. 
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While the material is being processed by a roller or furnace, heat is exchanged between the material and the 
surroundings. These metal shaping and processing techniques satisfy the fin approximation condition and may 
therefore be thermally described as continuously moving fins18. The insulated and convective tip of a moving 
fin with uniform speed were examined by Gireesha et al.19. Together with heat radiation and natural convection 
conditions, a numerical study of nanoscale implanted water-based hybrid nanoliquid flow across porous longi-
tudinal fin moving at constant velocity is conducted. A porous medium can transport heat more quickly when it 
is moving than when it is stationary, according to research20. The distribution of temperatures along rectangular, 
straight, moving porous fin was discovered by using the homotopy perturbation technique to address the non-
linear energy issue21 and to comprehend the significance of each significant parameter in the heat transmission 
through porous fins, their roles have been explored. Additionally, a comparison of porous and solid fins has been 
provided, and the findings show that a greater rate of heat transfer may be attained by choosing a suitable value 
for porosity. The finite element approach was used to study the wet-moving porous fin of radial shape moving at 
constant speed22. A moving rectangular porous fin’s effectiveness and temperature distribution variations were 
evaluated using the Darcey model23 and examining the heat transfer phenomena in fin saturated in aquatic car-
bon nanotubes, such as single-walled and multiwalled carbon nanotubes, is the goal of this work. The analysis in 
the suggested paper uses the Darcy’s model. Gamaoun et al. examined the non-Fourier temperature dispersion 
in a moving fin with a longitudinal profile convective radiative. Using the Cattaneo-Vernotte thermal model, 
dovetail fin heat conduction behavioral patterns were assessed24. To analyze the heat transfer analyses of a mov-
ing, porous fin with a longitudinal profile under a magnetic field, Pavithra et al., use the ADSTM25. The findings 
demonstrate that the heat load, component volume fraction, and porosity volume fraction all have an impact 
on natural frequency distributions. Furthermore, there are little discrepancies between the natural frequencies 
derived from the LTR and the NLTR. The discussion of an investigation Heat transfer factor, thermal emissivity, 
and thermal conductivity are changing on longitudinal and exponentially moving fins26. An experiment was 
conducted on a moving porous convective fin influenced by temperature surface emissivity, heat transfer factor, 
and thermal conductivity27. It is evident from a survey of the literature that a range of analytical and numerical 
techniques have been utilized to conduct thermal assessments on moving porous fins with a diversity of physical 
and geometrical features.

However, supervised learning oriented machine approaches have not been applied to the proposed fin 
problem. To arrive at approximations for a range of technological challenges, the researcher has extensively 
used a computer solver based on artificial intelligence. Ahmad studied the heat impact on a rectangular pro-
file fin with internal heat generation using artificial neural networks (ANNs) that were optimized using an 
interior-point method (GA-IPT) and genetic algorithms in various scenarios28. There are numerous possible 
uses, with the stated research being extremely important in fields like the gas cloud system29, fuel ignition30,31, 
dusty plasma model32, Reynold and eye models33–35, MHD nanofluid36, hunter saxton model37, human dermal 
region models38–40, hybrid nanofluid model41,42, nanofluidic models43–46 Thomas–Fermi fin dynamical model47, 
forecasting of financial markets48, Lane–Emden models49 nonlinear multiple singularity problem50. It is used in 
this instance to maximize the thermal performance of a moving porous longitudinal fin. The mentioned literature 
motivates the authors to study the moving porous fin model to examine the temperature distribution under the 
effect of a magnetic field via a novel Stochastic Computational Levenberg Marquardt backpropagation-based 

Figure 1.   Geometry of porous moving longitudinal fin.
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technique moreover, this technique is not yet applied to the proposed model of fin, here below we present the 
designed study’s significant contributions.

•	 Using the moving fin model’s reference solution and the numerical approach referred to as the shooting 
technique, the mean square inaccuracy index is applied to the merit function to assess the computational 
outcomes of moving fin models.

•	 Using an entirely novel intelligence computing methodology, the effectiveness is investigated for the longi-
tudinal moving porous.

•	 To obtain the decision variables for NNs to obtain the desired solution of the proposed model, the validation, 
training, and testing process is carried out using LMB.

•	 Through statistical analysis including fitness plot curves, error analysis, auto-correlation, histogram error, 
and regression, the accuracy, efficiency, validation, and convergence of the provided scheme are investigated.

The study’s additional sections are arranged as follows: The formulation of the problem for the moving lon-
gitudinal porous fin model is described in “Problem formulation” section. Results and analysis are presented in 
“Results and discussion” section, followed by the conclusion in “Conclusion” section.

Problem formulation
The Fig. 1 depicts area.A1 , width w1 , length L, and thickness t̃ of a porous longitudinal profile attached to a 
primary surface and moving horizontally with uniform velocity v. This fin is intended to increase cooling.

The Darcy model is used to explain how air swirls around a porous fin and enters the pores. The ambient 
temperature T∞ is considered and the fin’s base is maintained at a constant temperature TB . An even 

Figure 2.   A graphical representation of a suggested method for moving the porous fin model.
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magnetic-field is given in y direction. Below is a list of some of the suppositions that were utilized to make the 
model simpler. Inside of the porous media, which has a single base fluid and is homogenous and isotropic, the 
solid and fluid surfaces are in thermal equilibrium. Fin temperature only varies in the x direction, fluctuations 
in the other directions are insignificant and are therefore ignored. The energy balance model equation for the 
porous fin is presented by Ref.50.

Figure 3.   For various values of the thermos geometric factors, an absolute error, and numerical values of φ(S).
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Natural convection produces a change in the fluid’s mass flow rate as it passes through a porous medium, 
which is represented by.

We have the following from the Darcy model:

where the thermal expansion coefficient, fluid density, and kinematic viscosity are represented by α , ρ and vi , 
respectively. Fourier’s law of conduction provides us with,

It would be feasible to use51, in place of the phrase J
∗
c ×J∗c
σ

where current conductivity intensity, magnetic field strength, electrical conductivity, and the axial velocity are 
represented by J∗c  , Bi , σ , ς respectively. A slight temperature difference develops within the material during the 
heat flow. Consequently, in this case, the T∗4 the term is reduced to a temperature (linear function)51

(1)
q(s)−q(s + �s) − m∗Cp(T

∗
− T∞) − (1 − θ)hw1(T

∗
− T∞)�s + ρCpA1V

dT∗

ds
�s

−σ̃ εw1(T
∗4

− T4
∞

)�s −
J∗c × J∗c

σ
�s = 0.

(2)m∗
= w1υwρ�s.

(3)υw(s) =
gk∗α

vi
[T∗

− T∞],

(4)q(s) = −keff t̃w1

dT∗

ds
.

(5)
J∗c × J∗c

σ
= σB2i ς

2,

Figure 4.   For various values of the thermos-geometric factors, an absolute error, and numerical values of φ(S).
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Equations (2) to (5) are substituted into Eq. (1) to yield,

(6)T∗4
= T4

∞
+ 4T3

∞
(T∗

− T∞) + 6T2
∞

(T∗
− T∞)2 + ..... ∼= 4T3

∞
T∗

− 3T4
∞
.

Figure 5.   Fitness graph and regression of φ(S) by varying the values of porosity parameter Si for S1 case 3.
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The dimensionless parameters are now introduced as,

(7)

d2T∗

ds2
=
gρk∗αCp(T

∗
− T∞)2

vikeff
+

(1 − θ)h(T∗
− T∞)

keff t̃
−

ρVCp

keff

dT∗

ds

+
4σ̃ εT3

∞
(T∗

− T∞)

keff t̃
−

σB2i ς
2

A1keff
(T∗

− T∞).

Figure 6.   Histogram and autocorrelation of errors of φ(S) for scenario 1 case (1–3).
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(8)S =
s

L
,φ =

(T∗
− T∞)

(TB − T∞)
.

Figure 7.   Fitness graph and regression of φ(S) by varying the values of the porosity parameter Si for the S1 case 
(1–2).
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Applying Eq. (7) to Eq. (6) results in

Since the fin tip surface area often constitutes a small portion of the total fin area or the fin’s tip is made of an 
insulating material, it is assumed that heat transmission from the fin tip is negligible in this case. Consequently, 
the relevant boundary conditions are provided by.

Afterward, non-dimensionalizing yield with adiabatic boundary conditions.

where

are Peclet number, radiation parameter, Hartman number, thermo-geometric parameter, and porosity param-
eter respectively.

Heat‑transfer rate
The heat transmission rate at the fin’s base is expressed as

The fin’s dimensionless rate of heat transmission is defined via.

(9)d2φ

dS2
− Siφ2

− (M2
+ Nr)φ + Pe

dφ

dS
− Hφ = 0.

(10)
T∗

= TB at s = L,
dT∗

ds = 0 at s = 0.

(11)
dφ
dS = 0 at S = 0,

φ = 1 at S = 1,

(12)
Pe =

VL
β
, Nr =

4σ̃ εT3
∞L2

keff t̃
, H =

σB2i ς
2

A1keff
,

M =
(1−θ)hL2

keff t̃
, Si =

DaRa
keff

(

L
t̃

)

=
gρf k

∗αCpL
2(TB−T∞)

υf t̃keff
.

(13)q = kaAB
dT∗(L)

ds
.

(14)Q =
qL

kaABTB
= φ′(1).

Figure 8.   Fitness graph and regression of φ(S) by varying the values of porosity parameter Si for scenario 1 case 
3.



11

Vol.:(0123456789)

Scientific Reports |        (2024) 14:17359  | https://doi.org/10.1038/s41598-024-67959-x

www.nature.com/scientificreports/

Numerical analysis
The Computational Levenberg Marquardt backpropagation-based technique is designed to solve the moving 
pours fin to examine the temperature distribution. The data set is obtained through the Shooting method via 
Mathematica software then the obtained data set is trained through the Levenberg Marquardt backpropagation 
considering a total of 70% of data is utilized for training, 15% for testing, and 15% for validation. The data 
set is trained with different optim settings for the best known (weights) that provide the close solution which 
means the mean square error based on the Jacobian matrix goes to zero. The proposed Levenberg Marquardt 

Figure 9.   Training state and mean square error of φ(S) for scenario 2 with varied values of the M parameter.
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backpropagation used the backpropagation procedure for training the data and it works on the basis of Gradient 
decent and Guas Newton methods by considering different situations depending on the far and close solution. 
Every phase of the current solver’s working method is provided in graphical form shown in Fig. 2 together with 
the essential problem description.

Figure 10.   Histogram and auto-correlation of error of φ(S) for scenario 2 case (1–3).
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Results and discussion
The nonlinear ordinary differential equation (ODE) shown in Eq. (9) provides a representation of the moving 
longitudinal porous fin model. The shooting technique and the built-in MATLAB toolbox are used to solve 
Eq. (9) using LMB. Several examples are developed for every possible scenario, Tables 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 
12, Figs. 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23 and 24 corresponding to the proposed 
LMB describe the graphical and numerical solutions regarding the fin’s length as well as temperature. Table 1 

Figure 11.   Fitness graph and regression of φ(S) by varying the values of the M parameter for scenario 2 case 
(1–2).
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includes an explanation of the scenarios as well as various cases for computing φ(S). By varying Si = 0.1, 0.3, and 
0.5 and keeping all other parameters constant, scenario 1 with 3 cases is built to examine the behavior.

Like scenario 1, the cases in scenarios 2, 3, 4, and 5 are built by variations in M, Nr, Pe, and H, respectively. 
Figures 3 and 4 show the graphical results of each scenario. The moving fin model is represented by a nonlinear 
ordinary differential equation. The data set for each scenario is formed using the shooting method and the 
NDSolve tool in Mathematica. The numerical results of φ (S), which were generated using the LMB solver, are 
displayed in Tables 2, 3, 4, 5, 6, 7, 8, 9, 10, 11 and 12. The distribution of temperature of the moving fin is numeri-
cally examined in this section under the impact of numerous other parameters. The temperature drops as the 
Peclet number, convection radiation parameter, thermogeometric parameter, Hartman, and porosity parameters 
are raised. The temperature transmission of the moving fin is numerically examined here, under the impact of 
numerous other parameters.

With the use of LMB, the staging of a porous moving, longitudinally profiled fin subjected to radiation and 
convection under the influence of a continuous magnetic field has been investigated. By varying every parameter 
separately, it is possible to analyze how different parameters affect the thermal distribution of moving porous 
fins. The fin’s surface temperature decreases as the porosity parameter (Si) increases. This is because Si has both 
a high Rayleigh number and a Darcy number, thus when Rayleigh increases, the fin’s permeability also rises, 
increasing the amount of fluid that may travel through the fin’s pores. As the radiation parameter increases, the 
temperature distribution in the fin decreases. Because of the radiation effect being enhanced by an increase in 
the radiation parameter, additional heat is transferred from the fin surface.

As a result, the fin’s temperature drops, and it cools. The fin’s temperature increases as the Hartman parameter 
rises. When the value of the Peclet number is increased by small fractions, the rise in temperature of fin tips is 
negligibly small, however, a sudden decrease is observed at 0.5. The rising thermogeometric parameter causes 
increased convection from the fin’s surface. As a result of the increased heat transfer rate from its surface, the 
temperature of the fin reduces. The absolute value indicates the difference in between a numerical and exact 
value. Figures 3a,c,e, 4a,c display the absolute error (AEs) for each scenario. For each of these circumstances, 
the range of AEs is as follows: 10−08 to 10−04 , 10−07 to 10−03 , 10−07 to 10−04 , 10−08 to 10−04 and 10−07 to 10−04 . 
Figures 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23 and 24 provide graphical illustrations of 
the statistical analysis and performance of LMB algorithms.

Figures 5, 9, 13, 17 and 21 offer a graphical illustration of the training state and performance. Performance 
is measured in terms of MSR, which distinguishes between observation and simulation. The network contains 
both the intended output and input, and the graph is generated using the MSR and epoch. After supplying input 
to the system, the target and output are compared. The higher the performance, the lower the mean square value. 
The best performance of 10−10 , 10−10 , 10−13 for epochs 45, 111, and 48 of scenario 1 are shown in Fig. 5a,c,e, 
respectively. Compared to the other cases in scenario 1, case 3 performs better. The performance of scenarios 2 
and 3 is shown in Figs. 9a,c,e and 13a,c,e.

Figure 12.   Fitness graph and regression of φ(S) by varying the values of the Nr parameter for scenario 2 case 
(1–2).



15

Vol.:(0123456789)

Scientific Reports |        (2024) 14:17359  | https://doi.org/10.1038/s41598-024-67959-x

www.nature.com/scientificreports/

Scenario 2 Case 3 and Scenario 3 case 1 have performance values of 10−11 for both, against 53 and 16 epochs, 
respectively, and are the highest validation performance instances among them. Figures 17a,c,e and 21a,c,e 
display the results of scenarios 4 and 5. Among these, scenario 4 Case 3 and scenario 5 Case 1 rank highest in 
terms of validation performance instances, which have performance values of 10−10 , 10−12 against 21 and 16 
epochs. The network contains both the intended output and input, and the graph is created using MSE and epoch.

After transporting input to the system, the target and output are contrasted. Performance plots show that 
the training, validation, and testing trajectories are consistent and converging at a certain point on the best line, 

Figure 13.   Training state and mean square error of φ(S) for scenario 3 with varied values of the Nr parameter.



16

Vol:.(1234567890)

Scientific Reports |        (2024) 14:17359  | https://doi.org/10.1038/s41598-024-67959-x

www.nature.com/scientificreports/

indicating optimal system performance. Subcaptions b, d, and f of Figs. 9, 5, 13, 17, and 21 show the training 
state while simultaneously showing the convergence rate.

These graphs demonstrate how the recommended LMBP-ANNs solver converges rapidly by illustrating how 
the coefficients of Mu and gradient drop as the value of epoch rises. The neural network training procedure uses 
the Mu as a control parameter. The values for testing, validation, training as well as Mu of all scenarios with 
cases, are described in Table 2. Figures 6, 10, 14, 18 and 21’s subfigures a, c, and e depict a graphic illustration 
of the error histogram.

Figure 14.   Histogram and automatic correlation of error of φ(S) for scenario 3 case (1–3).
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The histogram, which displays the discrepancy between target and predicted values during feed-forward 
NN training, serves as an example of the method’s accuracy. Each histogram graph is made up of 20 vertical 
bars, or “bins”. The zero-error line, depicted as a vertical red line, indicates that the date’s negative and positive 
sections are evenly distributed. The graph’s bars show how frequently data is utilized for validation, training, 
and testing, and histogram analysis reveals the training process uses a large amount of data. Figure 6 depicts a 
histogram analysis of the first scenario and all 3 cases, with the instances against zero error being 6.93 × 10−8 , 
7.58 × 10−7 and 5.81 × 10−8 with 40, 38, and 50 instances, indicating that case 3 is preferable to the others. The 

Figure 15.   Fitness graph and regression of φ(S) by varying the values of the Nr parameter for scenario 3 case 
(1–2).
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finest representations of S2 and S3 are shown in Figs. 10 and 14. Case 1 of S2 and Case 3 of S3 with 30 and 130 
instances, respectively show the best histogram analysis, against a zero error line of 1.36 × 10−6 and − 2.2 × 10−7 . 
Figures 18, and 22 depict the best outcomes for S4 and S5, including S4 with case 3, S5 with case 1 with instances 
115, and 100 against a zero error of 8.78 × 10−9 and − 1.4 × 10−7.

The subfigures of Figs. 6, 10, 14, 18 and 21 are graphical illustrations of the auto-correlation of each scenario 
with cases, where Fig. 6b,d,f depicts auto-correlation of the error of S1, and subfigures (b), (d), (f) of 10, 14, 18 
and 21 depicts the autocorrelations of S 2–5 with every case. The graphical illustration of the regression analysis 
is shown in subfigures (a), (c) of Figs. 7, 11, 15, 19 and 23 also subfigures (a) of Figs. 8, 12, 16, 18 and 24. Figures 7 
and 8 provide a regression analysis of the first scenario for every instance at epochs 45, 111, and 48.

Tables 4, 6, 8, 10 and 12 present the error analysis of all Si, M Nr, Pe, H and for all cases of scenarios 1 to 5 for 
longitudinal moving porous fin. These tables describe the proposed solver’s accuracy, which is 4 to 6, 4 to 6, 3 to 
6, 4 to 6, and 3 to 8 decimal places. Figures 12 and 13 show the most efficient analysis of regression for scenarios 
2,3, 4, and 5 for epochs 58, 105, 62, and 22, respectively. The result of the regression function graphically depicts 
the connection between the output and the target values. The connection between the goals and the outcomes is 
perfectly linear if R = 134. The optimum fit can be seen when the lines are straight. The output is equal to the target 
as indicated by the dotted lines. The ideal fit is shown in regression plots by the condition Y = T. The training, 
validation, testing, and R values steps are utilized to ascertain the best possible fit for the model.

Figures 7, 12, 19 (subfigures b and d) and 8, 13, and 20 (subfigure e) show the fitness graph of validation, 
testing, validation, and training for every case of scenarios 1–5. The plot of fitness demonstrates the target and 
output relationship of the dataset. If the targets and output overlap, the findings provide an accurate solution.

The fitness graph illustrates that the system has been properly trained because the targets and output for 
testing, validation, and training are overlapping. Figures 7b,d and 8b show the fitness graph for every case of S1, 
with error at the unit time being 10−5 in C1, C2, and 10−6 in C3.

In the work that is being presented, Min, Max, Standard deviation (std), and the mean measures are used to 
find the link between the data sets that were generated and the trained neural network responses to the moving 
porous fin that is suggested using LMBP and has a longitudinal profile.

Additionally, as shown in the following Table 13, all approximated minimum values for Min, Max, Standard 
deviation, and mean confirm the best performance, convergence, effectiveness, and precision of the used com-
putational methods.

Figure 16.   Fitness graph and regression of φ(S) by varying the values of the Nr parameter for scenario 3 case 
(1–2).
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Conclusion
A longitudinal porous moving fin underwent a thorough thermal examination for better cooling of electrical 
equipment. The generated model of the fin LMB solver is graphically and numerically solved using a computing 
program. The porosity parameter, thermogeometric, Peclet number, and Hartman number are found to have a 
significant impact on the rate of heat transfer. The following results have been noticed.

Figure 17.   The training and mean square error of φ(S) for scenario 4 with varied values of the Nr parameter.
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•	 For longitudinal moving porous fin, it is found that when the value of the Peclet number is increased by 
small fractions, the rise in temperature of fin tips is negligibly small, however, a sudden decrease is observed 
at 0.5. On the contrary, when the value of the Hartman parameter goes on rising, the temperature of the fin 
tip also rises. Moreover, the fin’s surface temperature decreases as the porosity parameter (Si) increases.

•	 It has been noted that the system’s performance is more consistent when the MSE value drops. In comparison 
to the other cases of remaining scenarios, Case 3 of Scenario 1 for longitudinal moving porous fin has the 
best validation performance of 5.5523 × 10−13 with an epoch of 49.

Figure 18.   Histogram and auto-correlation of error of φ(S) for scenario 4 case (1–3).
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•	 The histogram illustrates how much the employed technique has reliability. The case with the better histogram 
for longitudinal profile, out of all the cases, is Case 3 of Scenario 4, with 8.78 × 10−09 Along 120 instances.

•	 The estimated accuracy of the system is shown by the absolute errors (AEs). Comparing scenario 4 case 2 to 
other scenarios and their cases, they have much better absolute errors ranging from 10−09 to 10−04.

•	 The Mu and gradient values indicate a faster convergence rate. Auto-correlation can be used to develop the 
link between two variables. An inverse relationship is shown by an inverse correlation, whereas a direct link 
is indicated by a positive correlation.

Figure 19.   Fitness graph and regression of φ(S) by varying the values of the Pe parameter for scenario 4 case 
(1–2).
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•	 Regression is used to investigate the linear relationship between target and output.
•	 The fitness graph demonstrates that data is adequately trained and provides accurate results for the problem.

In the future the designed method can be applied to investigate the behavior/dynamical effect of changing 
involved parameters of real-world problems.

Figure 20.   Fitness graph and regression of φ(S) by varying the values of the Pe parameter for scenario 4 case 
(1–2).
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Figure 21.   Training state and mean square error of φ(S) for scenario 5 with varied values of the Nr parameter.
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Figure 22.   Histogram and auto-correlation of error of φ(S) for scenario 5 case (1–3).
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Figure 23.   Fitness graph and regression of φ(S) by varying the values of the H parameter for scenario 5 case 
(1–2).
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Figure 24.   Fitness graph and regression of φ(S) by varying the values of the H parameter for scenario 5 case (3).

Table 1.   Variation in the several parameters used to determine the value of φ.

Cases S1 (Si) S2 (M) S3 (Nr) S4 (Pe) S5 (H)

C1 Si = 0.1 M = 0.1 Nr = 0.1 Pe = 0.1 H = 0.1

C2 Si = 0.3 M = 0.3 Nr = 0.3 Pe = 0.3 H = 0.3

C3 Si = 0.5 M = 0.5 Nr = 0.5 Pe = 0.5 H = 0.5

Table 2.   LMB-NN numerical analysis for all cases in each scenario.

Scenario Cases Time (s)

MSE

Mu Performance Epoch GradientTesting Training Validation

(Si)

C1 27 3.60E−10 7.93E−11 1.83E−10 1.00E−09 7.93E−11 45 8.26E−08

C2 1 1.90E−10 1.96E−10 2.92E−10 1.00E−09 1.96E−10 111 9.58E−08

C3 30 2.29E−11 2.75E−11 2.84E−11 1.01E−09 2.75E−11 48 9.41E−08

(M)

C1 16 7.89E−11 4.31E−11 5.95E−11 1.00E−10 4.31E−11 38 9.63E−08

C2 22 4.69E−09 2.50E−09 4.38E−09 1.00E−07 2.50E−09 58 9.90E−08

C3 30 2.29E−11 2.75E−11 2.84E−11 1.01E−09 2.75E−11 53 9.41E−08

(Nr)

C1 6 1.34E−10 4.69E−11 9.60E−11 1.00E−09 4.69E−11 16 8.53E−08

C2 24 5.47E−10 3.37E−10 2.73E−10 1.00E−08 3.37E−08 67 9.79E−08

C3 1 1.60E−07 9.71E−11 1.34E−10 1.00E−09 9.71E−11 105 9.88E−08

(Pe)

C1 22 9.41E−10 3.66E−10 6.01E−10 1.00E−08 3.66E−10 40 9.50E−08

C2 28 7.76E−10 3.34E−10 5.37E−10 1.00E−08 3.34E−10 62 9.65E−08

C3 7 1.52E−10 1.10E−10 1.34E−10 1.00E−09 1.02E−10 80 8.04E−08

(H)

C1 9 1.55E−12 7.22E−13 1.49348–12 1.00E−11 7.22E−13 30 8.31E−08

C2 12 3.51E−09 7.02E−10 1.76E−09 1.00E−08 7.02E−10 40 9.06E−08

C3 6 1.39E−11 6.02E−12 1.08E−11 1.00E−10 6.02E−12 32 9.45E−08
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Table 3.   Numerical value of the first scenario 1 (variation of porosity parameter) with all cases.

S Si = 0.1 Si = 0.3 Si = 0.5

0.02 0.870824 0.811250 0.762849

0.2 0.875920 0.818591 0.771750

0.4 0.891303 0.840549 0.798836

0.6 0.916955 0.877510 0.844734

0.8 0.953058 0.930242 0.910964

1.0 0.999981 0.999969 0.999994

Table 4.   Numerical value of the second scenario 2 (variation of M parameter) with all cases.

S M = 0.1 M = 0.3 M = 0.5

0.02 0.834709 0.800873 0.739492

0.2 0.841207 0.808711 0.749476

0.4 0.860760 0.832087 0.779733

0.6 0.893452 0.871335 0.830689

0.8 0.939651 0.926984 0.903504

1.0 0.999999 1.000138 1.000000

Table 5.   Numerical value of the third scenario 3 (variation of Nr parameter) with all cases.

S Nr = 0.1 Nr = 0.3 Nr = 0.5

0.02 0.834719 0.800875 0.739472

0.2 0.841209 0.808706 0.749489

0.4 0.860768 0.83208 0.779743

0.6 0.893452 0.87133 0.830689

0.8 0.939646 0.92697 0.903502

1.0 0.999977 0.999989 0.999999

Table 6.   Numerical value of the fourth scenario 4 (variation of Peclet number) with all cases.

S Pe = 0.1 Pe = 0.3 Pe = 0.5

0.02 0.83474 0.841771 0.787992

0.2 0.841209 0.847971 0.796241

0.4 0.860766 0.866715 0.82112

0.6 0.893449 0.898073 0.862829

0.8 0.939708 0.942244 0.922072

1 0.999962 1.000039 0.99999

Table 7.   Numerical value of the fifth scenario 5 (variation of Hartman number) with all cases.

S H = 0.1 H = 0.3 H = 0.5

0.02 0.874333 0.877627 0.884061

0.2 0.879418 0.882789 0.889116

0.4 0.894643 0.897869 0.903872

0.6 0.91979 0.922507 0.927569

0.8 0.954853 0.956576 0.959721

1 0.999999 1.000125 0.999993
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Table 8.   The absolute value error across scenario-1 as determined by LMB.

The absolute-value error for the scenario-1

S Si = 0.1 Si = 0.3 Si = 0.5

0.02 4.267E−06 6.274E−05 1.247E−06

0.2 2.775E−06 2.752E−05 2.074E−07

0.4 3.475E−07 3.994E−06 3.143E−07

0.6 2.665E−06 4.542E−06 3.061E−07

0.8 6.098E−06 1.986E−06 4.340E−07

1 1.862E−05 3.139E−05 5.720E−06

Table 9.   The absolute value error across all scenario 2 as determined by LMB.

The absolute-value error for scenario 2

S M = 0.1 M = 0.3 M = 0.5

0.02 4.267E−06 6.274E−05 1.247E−06

0.2 2.775E−06 2.752E−05 2.074E−07

0.4 3.475E−07 3.994E−06 3.143E−07

0.6 2.665E−06 4.542E−06 3.061E−07

0.8 6.098E−06 1.986E−06 4.340E−07

1 1.862E−05 3.139E−05 5.720E−06

Table 10.   The absolute error of all scenarios 3 determined using LMB.

S Nr = 0.1 Nr = 0.1 Nr = 0.1

0.02 2.686E−05 7.671E−05 1.854E−05

0.2 1.287E−06 2.590E−05 6.206E−06

0.4 2.082E−06 5.627E−06 5.010E−06

0.6 3.120E−06 1.163E−05 5.466E−06

0.8 3.858E−06 1.789E−05 1.281E−06

1 7.415E−07 1.376E−04 2.282E−07

Table 11.   The absolute error of all scenarios 4 determined using LMB.

S Pe = 0.1 Pe = 0.1 Pe = 0.1

0.02 3.710E−06 8.016E−06 4.448E−05

0.2 3.311E−06 3.642E−06 5.621E−06

0.4 4.162E−06 3.740E−07 7.008E−06

0.6 5.626E−06 3.147E−05 2.750E−06

0.8 5.295E−05 3.318E−05 5.209E−06

1 3.757E−05 3.932E−05 9.842E−06

Table 12.   The absolute error of all scenarios 5 determined using LMB.

S H = 0.1 H = 0.1 H = 0.1

0.02 8.898E−07 7.433E−05 2.353E−06

0.2 2.263E−07 9.905E−06 1.118E−06

0.4 6.583E−09 2.181E−05 5.818E−07

0.6 1.038E−06 7.497E−06 8.795E−07

0.8 1.650E−06 1.767E−05 3.361E−06

1 7.130E−07 1.252E−04 7.473E−06
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Data availability
The datasets used and/or analysed during the current study are available from the corresponding author on 
reasonable request.
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