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Introduction  
Finite element analysis has revolutionized the design and development engineering principles used throughout every engineering industry. The embedded fundamental principles have endless possibilities, creating unique, safe, manufacturable and cost-efficient designs. FEA can be used for a host of studies, including manipulating designs to enhance the structural integrity while reducing the mass. This can be applied to caron fibre reinforced plastic material, implementing FEA optimisation techniques to determine an affective material layout. The mentioned simulations have a huge impact across all fields, reducing cost and creating more structural robust designs. Historically designs were brought to tuition through trial and error, FEA gives a better insight into the functionality of the design prior to the manufacturing process.  This study will discuss FEA optimisation techniques and show how they can be imbedded to develop a carbon fibre reinforced plastic kitesurf bored, with an optimised material layout, meeting distortion limitations. 
FEA Optimisation
Finite element analysis (FEA) techniques are used throughout many engineering industries such as aerospace, automotive and mechanical engineering. The techniques are implemented to optimise efficiency and accuracy of designs. Caballero implemented FEA to his microwave design to improve accuracy and efficiency, the optimisation techniques were fundamental to this study (Caballero et al,2012). FEA has developed extensively from basic analytical problems to complex algorithms. The initial idea of finite element analysis was to divide a continuum into discrete elements to analyse numerically (Qian et al., 2010). During the early development period, 1960 – 1980s, FEA was fundamental to solving complex structural analysis problems. The techniques used involved dissecting structures into finite elements and manually solving large systems of equations. The intricate structures and numerous parameters that need to be analysed to solve the techniques are extremely time consuming (Xu et al., 2023). During the 1990s optimisation techniques were implemented as computation power grew, these techniques were integrated with FEA and sparked several algorithms. Three main revolutionary FEA foundations developed during this time were shape optimisation, size optimisation and topology optimisation. During modern times, FEA has excelled in opportunities due to high-performance computing enabling large-scale simulations and modern GPU’s (graphics processing unit) allowing real time results. Critical steps in FEA involve computing elemental matrices and assembling global stiffness matrices, GPU computational power enables these actions to take place (Ratnakar et al., 2022). 
Topology optimisation uses a set of specified loads, constraints, and boundary conditions to determine the best material layout within a design. Once set constraints are determined such as maximising stiffness or minimising weight, the algorithm removes and relocates material based on optimisation objective using methods such as SIMP (Solid Isotropic Material with Penalization). The premise of the method transforms the topology optimisation problem into one material distribution, allowing the design to maximise stiffness and minimise weight (Li, Gong and Ma, 2014). The outcome of the study is clearly to maximise the performance of the design, often strength, while minimising material. Efficient designs have many underlining benefits for a variety of industries mainly including a decrease in cost and increase in performance. This greatly benefits performance of components while decreasing material cost, this is considered to be an advantage from an industry perspective (Hu et al., 2021). Shape optimisation uses specific conditions and the desired performance to determine the best shape or geometry of a design. This differs from topology optimisation as it specifically focusses on refining the boundaries of a structure to improve performance, rather than the optimal material layout. The boundaries of the structure could be minimizing stress concentrations, enhancing fluid flow or reducing drag. Shape topology uses a range of techniques such as gradient- based methods, generic algorithms and machine learning approaches particularly, for highly complex geometry and parameterization methods, effectively parameterizing key dimensions to search for optimal values. Parameterization involves finding an optimal configuration minimizes or maximises an objective while adhering to a number of constraints (Najafi et al., 2017). Size optimisation focuses on defining the optimum dimension of a design, differing from topology and shape optimisation which determine material layout and boundary modifications. Mahdi uses shape optimization to optimises the shape of microwave components to reduce size and cost, the simulation was successful (Mahdi et al., 2013).                                Size optimisation uses gradient-based and heuristic methods to determine the optimum thickness, length, diameter or cross-sectional area. The advantage of gradient-based and heuristic methods is their ability to identify which features contribute most significantly (Hira & Gillies, 2015).                Multi-objective Optimisation works by simultaneously optimising multiple conflicting objectives, such as reducing weight while increasing durability. It is often used in complex engineering scenarios, by aggregating objectives into a single objective using a weighted sum. Mao believes there is lack of diversity in these weighted sums due to it typically giving a single solution for a set of given values (Mao et al., 2009). Also, multi-objective optimisation approaches more complex problems through goal programming, setting target values for each objective and generating solutions that match these goals as closely as possible. This can be particularly useful when the goal is to balance conflicting priorities, helping to find a successful medium (Ghosh & Roy, 2013).
Finite element analysis is rapidly evolving, during the future there will be more potential to expedite optimisation techniques with the integration of artificial intelligence models. There is massive potential for the simplification of the simulation setup processes with the assistance of artificial technology identifying key parameters, material properties and boundary conditions. Also, AI will be able to effectively predict outcomes of optimization predictions more effectively, providing fast approximations. Traditional FEA methods require extensive computational resources and time due to complex simulations. Machine learning artificial intelligence techniques significantly reduce time streamlining the process (Shao et al., 2023).











Design Studio
To determine the effectiveness of FEA the below study illustrates how it can be used to simulate real life scenarios. The purpose of the study is to demonstrate the difference in deformation of a kitesurf board using unidirectional carbon fibre reinforced plastic. The unidirectional laid up CFRP will be compared to steel bassline kitesurf bored, the aim will be to optimise the bored using CFRP to minimise weight while maintaining deformation value. 
To simulate real-life conditions a load case was implemented that would directly correlate to the forces a kitesurf bored would be subject to under real world conditions. From previous research It is clear that the Reynolds number is definitive to the fluid flow around the kitesurf bored. Considering the below the Reynolds number was 14350000, indicating turbulent airflow around the bored. 

The above equation led on to identifying lift and drag forces the bored would be subject to, the simulation takes these forces into account. 










Figure 2 Drag and Lift forces added to the simulation
Another consideration of the simulation was boundary layers the lift force was placed at the front of the board to simulate turbulent region of the boundary layer. The simulation enforced a load of 10.5 newtons into 97 nodes across the front of the bored along the edge, where the boundary layer would be present. The back of the bored  enforced a load of 1 newton to 562 nodes representing the drag force a kitesurf bored would be subject to in real world scenario. 


The kitesurf bored is analysed with the above load case and returned a deformation figure of 3.5mm, the stiffness to weight ratio of this structure can now be calculated. 





To determine the difference in deformation across steel kitesurf bored and CFRP bored the study implemented a unidirectional carbon fibre reinforce plastic material using the below data. 




Figure 3 CFRP material data.
The elements were orientated along the longitude of the structure and twenty-five 0.1mm thick layers were added in five different orientations. 5 at -90 degrees, 5 ply’s at -45 degrees, 5 ply’s at 0 degrees, 5 ply’s at 45 degrees and 5 ply’s at 90 degrees. Under the same load case the CFRP kitesurf bored deformed 4.6mm. This showed the below strength to weight ratio:






The results of the FEA analysis clearly show the CFRP material has a higher stiffness to weight ratio compared to the steel material, when under the same caseload. 








Optimising the Design
The below simulation demonstrates the kitesurf bored being optimised to minimise mass whilst meeting the displacement constraint of 3.5mm. The variable being the amount of ply’s at each location in the same -90 degrees, -45 degrees, zero degrees, 45 degrees and 90 degrees orientation. 

Figure 4 FEA showing objective to minimise the mass.
To preform optimisation in design studio three key implements are needed an objective, design variables and constrains. The design objective being to minimize mass, the design variables being the thickness of each layer and the design constraints being the displacement in which the kitesurf bored is bound to. 
Results:
Before optimisation – 25 Plys.
Orientation	Ply Size	No of Ply’s
-90	0.5mm	5
-45	0.5mm	5
0	0.5mm	5
45	0.5mm	5
90	0.5mm	5



After optimisation – 21 Plys.
Orientation	Ply Size	No of Ply’s
-90	0.2mm	2
-45	0.3mm	3
0	1.1mm	11
45	0.3mm	3
90	0.2mm	2


The final result shows a decrease in ply’s minimising weight while being constrained to the displacement constraint of 3.5mm. This shows the advantage of FEA revolutionising the design and manufacturing industry. Also, FEA allows for designs to be manufactured with correct design iteration limiting cost and reducing production-waste benefiting industries (Singleton, 2024). During the FEA final analysis some assumptions were considered, for example manufacturability. The original optimised results do not consider that each ply has to be a whole layer during the manufacturing process. Wang takes this into account during his case-study where he utilises FEA to minimize mass while adhering to manufacturability design constraints (Wang et al., 2021). This is an important point to consider during a prototype simulation, manufacturing an optimised design may be impossible without making this assumption.  
Prototype Validation
Validating the design physically is crucial to determine the FEA simulation result, a prototype of the optimised bored can be tested using laboratory conditions. It is important to consider all aspects of the validation process, such as developing the prototype, simulating a load, acquiring data, analysing data and calibration/ iteration considerations.  
The first part of the experimental process involves manufacturing a representative prototype, this is crucial as it simulates the finite element analysis results. Rapid prototyping can vary in quality and material properties, without clear parameters, this can have effects on the results (Tho et al., 2020). Crucial considerations such as the material data sheet needs to be considered, the carbon fibre reinforced plastic used in the simulation needs to resemble the prototype. During the manufacturing process a mould of the kitesurf bored would be needed and would require a unidirectional carbon fibre and plastic sheet in the correct orientation simulating the FEA. Unidirectional CFRP’s include complex machining techniques and advanced technology (Karpat, Bahtiyar and Değer, 2012). During the prototype simulation, a controlled environment will be crucial to apply forces that are representative of those found in the FEA. The results can be validated and correlated highlighting accuracy concerns (Luo et al., 2020). When acquiring the data it is important the use of the correct equipment is implemented, strain gauges and displacement sensors will capture the deformation and stress results required.  Analysing data acquired in the prototype simulation to the FEA results will give a good insight into the accuracy of your model, comparing simulated predictions to real-life results. However, FEA can model stress distribution under various loads that could be extremely difficult to obtain through experimental methods alone (Zhao et al., 2011). If there are significant differences in results then adjusting parameters and finding the route cause will be fundamental to the overall accuracy of the design. 



Acquiring data of the prototype simulation can have many flaws, to limit the anomalies found it is important all considerations are put in place. Replication of boundary conditions and load cases need to be implemented, insuring consistency between FEA models. Cecchel has found there is often discrepancies between FEA and numerical outcomes from a result of not using experimental protypes during the design stage, this can have a knock on affect especially in safety critical components (Cecchel et al., 2019).  Often overlooked practices such as calibrated equipment could have a catastrophic effect to the results, this could create inconsistency in results even after boundary conditions, load cases and recording equipment is implemented. Results can be separated into quantitative and qualitative data, qualitative meaning non numerical descriptive data and quantitative being numerical measurable data. The use of numerical data enhances the reliability and validity of research used throughout the study (Šebjan & Tominc, 2015). Qualitative data could include a variety of descriptive techniques to compare FEA and protype simulation results, for example 3D scanning the component. From this the FEA model result and 3D scanned model could be overlayed showing a clear picture of the comparative differences. Matache believes 3D scanning a prototype model and comparing with FEA simulation enhances the fidelity of the results (Matache et al., 2015). Also, failure locations will give a great insight into what points the simulations differ, building more qualitative results. Quantitative data is equally important to discovering the differences between models, the data acquired in the prototype experiment through various equipment can be plotted and directly compared to those of the simulation. For example, acquiring both sets of data allows for the potential of error Quantification, giving an accurate percentage difference between FEA and prototype simulation data points. 
Comparison to other Designs
FEA is a powerful tool that can be widely implemented across a range of industries, professions and specific engineering scenarios. One case study that stands out shows Korunović optimising vehicles to minimise mass while retaining structural integrity against subsequent load cases (Korunović, 2024).  Korunović ultimately found that FEA can be efficiently used to optimise the load-carrying structure successfully minimizing the mass. During the case study Korunović uses response surface analysis to identify critical load cases that influence the performance of the structure. This directly correlates to the FEA simulation on the carbon fibre reinforced plastic kitesurf bored, the load case representing lift and drag will ultimately be the significant forces faced during its operation. Korunović case study differs to the FEA study above as he implements topology to strategically remove material from non-critical areas of the structural design. Currently the kitesurf FEA optimisation uses material orientation of layers to cope with the load cases, topology could be implemented to further develop the kitesurf boards design. Using Korunović method of integrating FEA and topology will enhance the results, creating a manufacturable CFRP kitesurf bored with both oriented layers and reduced geometry in non-structural load barring areas. 
Another study by lee et al, shows the behaviours of various load combinations affecting structural distortion in FEA simulations (Lee et al., 2021). The research is fundamentally based on the structural integrity of bridges however, it shows similarities between the CFRP kitesurf bored when emphasising the material saving and sustainability concept of FEA. This study also demonstrates the various loading conditions, similar to the kitesurf bored, and the ability to enhance safety reliability and functionality. These are all qualities that provide a huge incentive to designers, FEA will become more frequent during the design process to simulate varies scenarios that may not be possible in prototype simulations due to time or costing restraints. Research shows that FEA is already the preferred method of analysing the performance of electrical machines, particularly from an optimization perspective (Chulaee, 2024), indicating FEA will become imbedded into all industries and scenarios. 

Conclusion 
The finite element analysis optimisation case study demonstrated a reduction in material from 25 ply’s (2.5mm) to 21 ply’s (2.1mm), while retaining the same distortion constraint of 3.5mm as that of the steel kitesurf bored.  The same design variables and constraints were embedded into the simulation along with a realistic caseload based on previous research of a real-life kite surf bored case study. This shows the capabilities of finite element analysis, similar studies could be used during the manufacturing process to produce more robust and light weight structurally sound designs. During the research of FEA techniques, it is clear that prototype experimental work should be used in conjunction with optimisation technology to further analyse data and compare external factors. FEA has drastically improved the design and development process throughout all engineering-based industries. When implemented correctly it should be standard practice for finite element analysis optimisation techniques to be imbedded into the design and manufacturing processes of components. It is crucial this is done successfully with the implementation of protype experiments and the concise construction of simulation criteria. 
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Re | Reynolds number.

P Density of the fluid. The density for seawater is 1025 kg/m?®. It can vary between warm,
low-salinity water and cold, high salinity water. For the purpose of this equation seawater
with a surface density of 1025 kg/m? will be used.

u Velocity of the fluid. The approximate speed of a kitesurf board through water will
fluctuate during use. For the purpose of this equation 10 m/s will be used.

L Characteristic length. After research it is suggested that the length of a kitesurf bored over
a range of wind speeds and rider weights should be in the range of 1.3 meters and 1.5
meters. For the purpose of this equation a characteristic length of 1.4 meters will be used.

m Viscosity of the fluid. The viscosity of seawater is 0.001 Pa s. For the purpose of this

equation this figure will be used.
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