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Abstract: This paper presents a study on the use of nanofluids to enhance the rate of heat transfer in renewable and sustainable energy 

systems. Because of the numerous benefits that they provide, engineers who work on the development of thermal systems might discover 

that ANN are an extremely helpful resource for them. The ANN regression model produced extremely precise and accurate predictions 

with a high degree of accuracy overall. It was found that the models had an accuracy rate of 97% after using test data that had not been 

made public in the past. This discovery was made on the premise of the test data. Because they enable the interpretation and forecasting of 

results, these models are beneficial for engineers and scientists who are conducting experiments to improve heat transfer. 
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1. Introduction  

Fins are a common and cost-effective technique for 

increasing the rate at which heat is transmitted by 

increasing the surface area that is exposed to the air. This 

is accomplished by increasing the total area of the object 

that is in contact with the air. The efficiency of various fin 

designs in terms of heat transfer as well as expense has 

been the focus of several different research initiatives that 

have been carried out independently [1]. 

When it comes to production, it is necessary to maintain 

control over how a substance behaves while it is being 

processed to end up with a high-quality final product. This 

is necessary to ensure that production goes smoothly. For 

this reason, it is standard practise to painstakingly regulate 

boundary conditions (BCs) such as pressure and 

temperature histories throughout the entirety of the 

manufacturing process [2]. This is done to ensure that the 

final product is of the highest quality. Before the material 

is processed, the changes that will take place because of 

these BCs are typically investigated by computationally 

solving the governing PDEs utilising methods like finite 

elements (FE). This is done before the material is processed 

[3]. In-process measurements taken at important locations 

can be used to validate numerical models or to provide 

input into feedback loops as part of an active control 

strategy, which is a complementary practise to process 

simulation. In this context, thermocouples and pressure 

monitors are utilised frequently, and their application is 

standard practise [4]. 

Controlling the parameters of the process and accurately 

measuring the behaviour of the substance while it is being 

processed are not simple tasks to complete. This is because 

the manufacturing process is complicated, and as a result, 

these tasks can be difficult to complete. In certain 

processes, like the convective heating of components in 

ovens, for instance, variations in airflow and, 

consequently, heat transfer coefficients can contribute to 

the formation of thermal gradients and thermal lag, both of 

which can be detrimental to the overall quality of the 

process (i.e., unknown, or variable BCs) [5]. 

When confronted with a challenge of this magnitude, 

engineers frequently resort to temperature profiling and 

process modelling in conjunction with FE models to solve 

the issue. It is not feasible to account for uncertainties in 

manufacturing processes by using FE models, such as the 

existence of unknown BCs; this is because of the 

uncertainty surrounding the existence of unknown BCs. 
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Engineers frequently depend on iterative calculations that 

are founded on a variety of assumptions for BCs 

throughout the processing stage. This method cannot be 

used in an Industry 4.0 environment because there is a 

demand for simulation capabilities that are both quick and 

as close to real time as possible. Tools that have a high 

accuracy FE model have a natural slowness to them. 

2. Related works 

A heat exchanger is an essential component of any 

effective source of energy and must be included in such 

supplies. the effectiveness and productivity of the heating 

system are both enhanced. When compared to the cost of 

electricity generated by coal and nuclear power plants, for 

instance, the cost of electricity generated by wind power is 

noticeably cheaper [5]. 

The method in [6] highlighted the significance of wind 

energy in terms of achieving these objectives. The rate at 

which wind turbines convert wind into usable electricity is 

one of the most important factors that will be considered in 

determining whether wind power will be implemented on 

a massive scale. It is necessary to acquire wind power 

curves from both operational wind generators and wind 

fields. Because it is possible for the electrical and 

mechanical components to lose their energy efficiency if 

they become overheated, it is essential that the heat 

generated by the system be dispersed in an efficient 

manner. It is for this reason that it is of the utmost 

importance for devices that use wind energy to have an 

efficient cooling system. The electric generator as well as 

the mechanical components of the turbine are susceptible 

to the destructive effects that excessive heat. 

The method in [7] uses shaft of a wind turbine has the 

potential to operate as a heat exchanger, which means that 

it can assist in the removal of excess heat. They made the 

discovery that the maximum temperature that could be 

attained inside the device could be substantially reduced if 

nanofluid was utilised.  

The need for advanced liquid cooling systems for wind 

generators of up to 10 MW that a 7% increase in the 

convective heat transfer coefficient was achieved with a 

nanoparticle loading of 0.25 weight percent. This 

information was included in their discussion of the 

necessity for advanced liquid cooling systems. This was 

accomplished by depositing the nanoparticles at a rate of 

0.25 weight percent [8]. 

A wide range of nanofluids to collect a greater amount of 

the dissipated surplus heat that is created by the generator 

of a wind turbine. Utilizing this approach, their objective 

was to desalinate saltwater [9]. After analysing and 

contrasting the capabilities of five different nanofluids, it 

was determined that the copper-water nanofluid was the 

one that was the most effective at generating freshwater. 

This conclusion was reached after the nanofluids were 

subjected to a battery of tests. 

3. Proposed Method 

Condensation serves an important purpose in the operation 

of every single manufacturing location. The removal of 

heat causes the fluid to concentrate, and since the 

effectiveness and precision of the procedure in doing so are 

completely necessary for the cycle to be successfully 

completed, it is essential that the procedure be carried out. 

The operating variables of the condenser surface and fins, 

in addition to the shape and dimensions of the condenser 

surface itself, all play a part in the determination of the 

overall efficiency of the condensation process. In this 

respect, an investigation into the structure of fins and 

retaining angles can be of assistance.  

Experiments and research on retention angles have been 

conducted alongside studies of naked liquids to determine 

the outcomes of mixtures that contain a wide variety of 

fins. These activities have been carried out alongside one 

another. The overwhelming majority of alternative forms 

of energy require the utilisation of condensers as a 

necessary component. 

In addition to having a beneficial effect on the natural 

world, sustainability reduces or even eliminates the need 

for power plants to make use of fossil fuels. This is a 

significant step towards reducing global warming. Because 

working with a viscous liquid makes it more difficult to 

transfer heat, it is important to increase the amount of 

surface area that is exposed on the tip of the fin tube. This 

is because working with a viscous liquid makes it more 

difficult to transfer heat. 
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Fig 1: Proposed Framework 

3.1. Heat Transfer Mechanism 

The following is an expression that can be used to give the 

global equation for the heat transmission through a 

particular component: 

𝜕 𝜕𝑡 (𝜌𝐶𝑃𝑇) = 𝜕 𝜕𝑥 (𝑘𝑥𝑥 𝜕𝑇 𝜕𝑥) + 𝜕 𝜕𝑦 (𝑘𝑦𝑦 𝜕𝑇 𝜕𝑦) + 𝜕 

𝜕𝑧 (𝑘𝑧𝑧 𝜕𝑇 𝜕𝑧) + 𝑄 ̇ (1) 

In this equation, T stands for temperature, s for density, Cp 

for specific heat capacity, k for conductivity, and Q for the 

rate at which heat is generated. In the interest of keeping 

things as simple as possible, let move on to the next step, 

which is going to be a description of the technique for one-

dimensional heat transfer (1D). Having said that, this is 

readily generalizable to include other dimensions, as will 

be shown in the paragraphs that follow this one. When 

there is only one dimension to consider and there is no 

component that is accountable for the generation of heat, a 

more streamlined version of the traditional heat equation 

can be used to describe heat transfer: 

𝜕𝑇 𝜕𝑡 − 𝛼 𝜕 2𝑇 𝜕𝑥 2 = 0 (2) 

Where α - thermal diffusivity:  

𝛼 = 𝑘 𝜌𝐶𝑃 (3) 

The convective boundary condition is presented in the 

following: 

ℎ(𝑇∞ − 𝑇𝑏) = 𝑘 𝜕𝑇 𝜕𝑥| 𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 (4) 

The temperature of the air around the component, denoted 

by T, is referred to as the component position, and the 

temperature of the component surface, denoted by Tb, is 

referred to as the component itself. Take into account the 

situation in which it is anticipated that the output of the 

neural network, which is denoted by f(x,t, h1, and h2), will 

satisfy the one-dimensional heat equation for a particular 

boundary condition. This is the scenario that should be 

considered. To be more specific, we can ascertain the 

degree to which the solution is faithful to the heat transfer 

PDE by calculating the following at any given position: 

𝐸𝑟𝑟𝑜𝑟𝑃𝐷𝐸 = 𝛼 𝜕 2𝑓(𝑥,𝑡, ℎ1, ℎ2 ) 𝜕𝑥 2 − 𝜕𝑓(𝑥,𝑡, ℎ1, ℎ2 ) 

𝜕𝑡 (5) 

Consider that an IC is nothing more than a description of 

the boundary condition at the place in the time dimension 

where t = 0 is situated. This is the only thing that an IC 

consists of. This can be a useful mental paradigm for you 

to work with. If a neural network is built in such a way that 

it also reflects a solution to the boundary condition that is 

being investigated, then it will be possible to determine the 

degree to which the network adheres to the boundary 

condition. This is because the neural network will have 

been constructed in such a way that it also reflects a 

solution to the boundary condition that is being 

investigated. 

𝐸𝑟𝑟𝑜𝑟𝐵𝐶0 = 𝑇∞(0) − 𝑓(𝑥, 0, ℎ1, ℎ2 ) (6) 

The following can be utilised in the process of training a 

neural network to describe the loss term: 

𝐿𝑜𝑠𝑠 = 𝐿𝑜𝑠𝑠𝑃𝐷𝐸 + 𝜆0𝐿𝑜𝑠𝑠𝐵𝐶0 + 

𝜆1𝐿𝑜𝑠𝑠𝐵𝐶1+𝜆2𝐿𝑜𝑠𝑠𝐵𝐶2  (7) 

To generate equivalent loss terms 𝜆, scaling variables, 

which are indicated by, are utilised. Every single part of the 

loss function is built in such a way that it takes an average 

of the square of the error across all the data components 

that were to blame for the error. This is done throughout 

the entire loss function.  

When evaluated over any collection of points, the values of 

the loss function associated with the representation of the 

solution to the one-dimensional heat equation by a perfect 

neural network will sum up to zero. This will be the case 

regardless of the collection of points being evaluated. This 

is since the numbers of the loss function are all equal to 

zero.  

Machine Learning 

The use of contemporary machine learning techniques for 

research on heat transmission in nanofluidic systems that 

make use of renewable and sustainable energy systems is 

analysed, compared, and contrasted. Predictive models that 

are built on artificial neural networks have quickly become 

the most popular option. This is due to the ease with which 

these models can be constructed as well as the fact that they 

can make use of software that is easily accessible for 

purchase.  
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To further improve the predictive capability, it is possible 

to combine various intelligent optimization strategies, such 

as a marine predator algorithm, a genetic algorithm, a 

swarm intelligence optimization, and potentially even 

more intelligent optimization strategies. In addition to the 

well-known neural network, fuzzy, and gene-based 

methods of machine learning, more modern methods of 

machine learning that concentrate on ensembles have also 

been developed. 

When the speed was increased, the air shear also increased, 

which caused the retaining angle to be elevated to a greater 

degree. When the speed was increased, there was a 

corresponding increase in the retention angle for the 

minimum circumference; specifically, the angle increased 

from 0 degrees to 40 degrees as the speed was increased. 

In addition, the highest circumference thickness retention 

angle increased from 0 metres per second all the way up to 

20 metres per second when the speed was increased.  

When the pins are thicker, there is less space between them, 

which causes more fluids to become enclosed. This is 

because there is less space between the pins. The 

measurements showed that capillary action lowered the 

retention angle, and as a result, the nanofluid that had been 

trapped was easier to see. Once the velocity was increased 

above a certain value, the tendency revealed that the 

retention angle for water significantly increased, and the 

same trend was observed for mixtures of nanofluid. 

4. Results and Discussions 

Copper has a higher thermal conductivity than other 

materials, it is reasonable to presume that the system that 

contains copper material has a greater rate of heat transfer. 

This is because copper has a higher thermal conductivity 

than other materials. Copper fins generate a lower 

temperature gradient along their length than steel fins do, 

rendering copper fins more efficient than steel fins in terms 

of their overall effectiveness. There is a proportional 

relationship between the effect and the fin thickness 

because the temperature difference along the length of the 

fin diminishes as the fin thickness increases. 

Table 1: Efficiency of Heat Transfer without ANN 

Corrugation Angle Reynolds Number Efficiency 

10 1125 3.9 

20 8750 5.1 

30 8750 5.2 

40 1000 3.1 

50 7500 4.5 

60 8125 5.6 

70 1187.5 4.0 

80 1125 3.9 

90 7500 4.7 

100 8125 4.9 

110 1000 4.5 

120 1187.5 4.4 

130 1125 4.4 

140 8750 5.6 

150 1000 4.1 

160 7500 6.0 

170 8125 6.3 

180 1187.5 4.9 

Combining the findings of the experiments (table 1, Figure 

2-5) with an anticipated probability that water will be used 

as a condensate medium brought the significance of the 

findings to a new level. The retention angles typically 

differed from the mean by no more than 0.15 degrees when 

there were no restrictions placed on the convection.  

During the study, researchers made use of mistake margins 

of 5%. This difference came into focus for me when I was 

looking at pin-fin tubes with larger circumferences. This 

estimate is not type-specific; rather, it can be expressed as 

a range for a broad variety of applications spanning a wide 

variety of mixtures and parameters.  

A percentage can also be used to describe this range of 

values. The standard deviation was responsible for 

accounting for both the average measurement as well as the 

photographic readings for low and high values of 

circumferential thickness within the scope of this 

investigation. Additionally, the standard deviation was 

responsible for determining the relationship between the 

average measurement and the photographic readings. The 

thickness of the pin-fins was increased, which resulted in a 

narrower space between adjacent pins.  

Therefore, the pins were able to capture more water 

because of this change. As a direct consequence of this, the 

retaining angle became smaller. The graph demonstrates 

that the retention angle measurements are more accurate at 

smaller values of circumferential thickness.  

This would indicate that there is not much of a difference 

between the numbers that were obtained given the 

information presented here. When the circumferential 

thickness is increased, however, the retention angles begin 

to exhibit significant scattering behaviour, and the values 

begin to diverge from one another. This happens when the 

angles are retained for longer periods of time. When the 

retention angles are observed, this occurrence takes place. 
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Fig 2: Efficiency of Heat Transfer with ANN (training 

phase) 

 

Fig 3: Efficiency of Heat Transfer with ANN 

All the investigations were performed in a notebook that 

was hosted on Google Colab. This made it possible to 

evaluate and train neural network models, as well as 

replicate hardware configurations. It also made it possible 

to evaluate and replicate hardware configurations. In the 

framework of this computational environment, we 

evaluated and tested several different alternative models 

for the data that we analysed. 

The standard deviation demonstrated that errors occurred 

in readings that had significant values of retention angles 

for concentrations ranging from 0.05% to 0.1% of the total 

sample. On the other hand, the error rate was decreased in 

the region of retention angles with values that were 

relatively close for water-propanol solutions with 

concentrations ranging from 0% to 0.05%. The updated 

data graphic now includes the standard deviation in the list 

of labels that are located next to the error lines. These labels 

were previously missing the standard deviation.  

The graph demonstrates that the retention angle 

measurements are more accurate at smaller values of 

circumferential thickness. This lends support to the 

explanation that was provided earlier in the paragraph. This 

would indicate that there is not much of a difference 

between the numbers that were obtained given the 

information presented here.  

When the circumferential thickness is increased, however, 

the retention angles begin to exhibit significant scattering 

behaviour, and the values begin to diverge from one 

another. This happens when the angles are retained for 

longer periods of time. When the retention angles are 

observed, this occurrence takes place.  

The algorithm remarkable degree of accuracy in this 

regard, it serves as an excellent resource for thermal system 

designers who are looking for a way to anticipate outputs 

without having to resort to computationally solving the 

system in its entirety. This makes the ANN regression 

algorithm an excellent resource for thermal system 

designers. 

5. Conclusions 

The most efficient apparatus will have a fin that is both the 

thickest and the longest possible, with a heat transfer 

coefficient that is as low as possible. Because of the 

numerous benefits that they provide, engineers who work 

on the development of thermal systems might discover that 

ANN are an extremely helpful resource for them. The ANN 

regression model produced extremely precise and accurate 

predictions with a high degree of accuracy overall.  

When it comes to lowering the coefficient of heat 

transmission, it has been discovered that the greatest results 

can be achieved with a fin that is both short and thick at the 

same time. The efficiency, which has a direct relationship 

with the fin spacing and the fin thickness, has an inverse 

relationship with the heat transmission coefficient. The 

heat transmission coefficient also has a relationship with 

the thickness of the fins. 

The experimental design variables and factors can be 

modified with the assistance of these models to achieve the 

outcomes that have been specified. It is imperative that you 

keep in mind that there is a margin of error of 3.0% 

whenever you are performing an analysis of the data. Two 

distinct models are trained using the data from the 

experiment, and each model can make a prediction of the 

outcome of the experiment based on the parameters that are 

specified by the user.  

It was found that the models had an accuracy rate of 97% 

after using test data that had not been made public in the 

past. This discovery was made on the premise of the test 

data. Because they enable the interpretation and 

forecasting of results, these models are beneficial for 

engineers and scientists who are conducting experiments to 

improve heat transfer. These individuals are conducting 

experiments to improve heat transfer. there will be a cut in 

both the amount of money and the amount of effort that is 

invested in the experiments. 
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